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ABSTRACT 
 
The aim of this research was to determine whether any perturbations occur in the metabolism 
of herbicide-resistant (HR) buffalo grasses (Stenotaphrum secundatum L.) compared to their 
wild type counterparts. The HR buffalo grasses were genetically modified by inserting the pat 
gene from the soil bacterium (Alcaligenes faecalis). This gene encodes phosphinothricin 
acetyltransferase (PAT) which is responsible for N-acetylation of the broad-spectrum 
herbicide, glufosinate. Four HR buffalo grasses (93-1A, 93-2B, 93-3C and 93-5A) were 
clearly resistant to glufosinate treatment above a commercial dose (5% v:v). Varying degrees 
of resistances among the 4 HR cultivars were observed and seemed to correlate with 
expression levels of the inserted pat gene. 
 
The molecular phenotypes of 4 HR buffalo grasses (93-1A, 93-2B, 93-3C and 93-5A) were 
evaluated from gas chromatography-mass spectrometry (GC-MS) based metabolomics. Three 
wild type cultivars (WT 8-4A, WT 9-1B and WT 9-2B) were also analyzed to provide 
references for a comparison. Such approach detected a total 199 metabolites, of which 95 
metabolites were identified and categorized into several classes of chemistries including 
amino acids, organic acids, fatty acids, sugars, sugar alcohols, sugar phosphates, sterols and 
other classes of compounds, most of which belong to carbon central metabolism. At baseline 
conditions (without glufosinate treatment), pair-wise comparisons between each of the 4 HR 
line (93-1A, 93-2B, 93-3C and 93-5A) and the parental wild type (WT 9-1B) did not detect 
consistent differences in the relative concentrations of metabolites across every sample. After 
glufosinate treatment, pair-wise comparisons of each HR line (93-1A, 93-2B, 93-3C and 93-
5A) with WT 9-1B detected a significant difference in the relative abundance of 11, 4, 13 and 
24 metabolites, respectively. Two groups were separated, using Principal Component 
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Analysis (PCA). The first group included all 3 wild type cultivars and the weakest HR line 
(93-2B), after all cultivars were exposed to glufosinate treatments. The second group 
comprised of all baseline samples and the glufosinate-treated samples of 3 stronger HR lines 
(93-1A, 93-3C and 93-5A). Phenylalanine, isoleucine and galacturonate were the 3 strongest 
contributors to the observed separation in the PCA. The enrichment pathway analyses did not 
identify any significantly enriched pathways at baseline conditions when the 4 HR lines were 
compared with the WT 9-1B. However, when glufosinate treatments were applied, 5 
metabolic pathways were significantly enriched (p < 0.05) [4 nitrogen metabolisms related 
pathways (aminoacyl-tRNA biosynthesis, alanine, aspartate and glutamate metabolism, 
valine, leucine and isoleucine biosynthesis and nitrogen metabolism) and 1 carbon 
metabolism-related pathway (glyoxylate and dicarboxylate metabolism)].  
 
The same 4 HR and 3 WT buffalo grasses were further characterized from metabolomics 
profiles, using high resolution-liquid chromatography-mass spectrometry (HR-LC-MS). A 
total of 34,052 clusters were detected from mass spectra, representing metabolites and 
adducts from both primary and secondary metabolisms. Due to the extremely large amounts 
of the features detected, PCA was applied to reduce the dimension of the dataset. The results 
showed that samples were divided into 3 groups comprised of 1) all baseline samples, 2) 3 
stronger HR lines (93-1A, 93-3C and 93-5A) exposed to glufosinate treatment and 3) 3 wild 
type cultivars as well as 93-2B exposed to glufosinate treatment. At baseline conditions, 
mummichog based pathway analyses revealed no significantly enriched pathways when 
comparing WT 9-1B to either the weakest HR line (93-2B) or the strongest HR line (93-5A). 
In contrast, glufosinate treatment caused phenylalanine metabolism and the TCA cycle to be 
significantly enriched (p < 0.05) as several metabolites (e.g. phenylpyruvic acid, trans-
cinnamic acid, 4-coumaric acid, 2–oxoglutaric acid, succinic acid, isocitric aicd, cis-aconitic 
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acid, citric acid, pyruvic acid and oxaloacetic acid) were considerably accumulated in the 
glufosinate-sensitive WT 9-1B compared to the glufosinate-resistant 93-5A.     
 
Top-down and bottom-up proteomics analysis (TDP and BUP, respectively) of the strongest 
HR cultivar (93-5A) and the WT cultivar (WT 9-1B) were compared, using HR-LC-MS. A 
total 111 protein clusters (representing relatively small size intact proteins) were detected in 
TDP. PCA plots demonstrated that the proteins belonging to glufosinate-treated WT-9-1B 
were separated from other groups of samples (baseline 93-5A and WT 9-1B as well as 
glufosinate-treated 93-5A). TDP clustering patterns from PCA corresponded well with the 
PCA constructed from the glufosinate-induced senescence scores, suggesting a relationship 
between senescence mechanisms and TDP compositions. For BUP, a total of 28,095 peptide 
clusters (representing proteins fragments from numerous proteins in every isoform) were 
detected. Based on the relative abundance of clusters, minimal numbers of peptide clusters 
(3.45%) were significantly different (p < 0.01) between 93-5A and WT 9-1B at baseline 
conditions, resulting in these 2 cultivars clustering together in the PCA scores plot. With 
glufosinate treatment, 5.46% of peptide clusters showed significant differences in the relative 
abundances between 93-5A and WT 9-1B. Although the PCA of the glufosinate-treated 
WT9-1B line showed a distinct separation from glufosinate-treated 93-5A, some degree of 
overlapping between the 2 cultivars was noticed due to high variations in BUP composition 
resulted from variability in senescence stage between different replications. Analyses of the 
relationships between significantly different metabolites and proteins obtained from a pair-
wise comparison between 93-5A and WT 9-1B detect neither protein-protein nor metabolite-
protein interactions under baseline conditions. The same analyses of interaction between 
metabolites and proteins from glufosinate-treated 93-5A and WT 9-1B revealed 5 protein-
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protein interactions and 3 metabolite-protein interactions, thus indicating alterations in both 
protein and central carbon metabolisms of the WT 9-1B in response to glufosinate treatment. 
 
In summary, this thesis shows that the detectable metabolome and proteome of 4 HR lines 
(93-1A, 93-2B, 93-3C and 93-5A) were highly similar to that of 3 wild type cultivars (WT 8-
4A, WT 9-1B and WT 9-2B) at baseline conditions. These findings support the conclusion 
that these HR buffalo grasses are ‗substantially equivalent‘ to the parental wild type 
comparators.  Expected changes in both the metabolome and proteome in the herbicide 
sensitive wild type cultivars were associated with glufosinate-induced senescence. Hence, the 
results produced in this research provide additional knowledge necessary for informing 
regulatory bodies, by providing them with a framework of evidence which strongly 
recommends the inclusions of multi-omics analyses in the assessment of transgenic plants. 
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Chapter 1 
Introduction
1
 
 
1.1 General Background 
 
Metabolomics is a multidisciplinary field that combines analytical biochemistry with 
bioinformatics to provide knowledge to understand, interrogate and identify perturbations in 
an organisms metabolome in response to abiotic or biotic stress (Dias et al., 2016; Dias & 
Koal, 2016; Jones et al., 2013). The metabolomics workflow, which is dependent on the 
sample type and analytical platforms, has several generalized steps: a well-executed 
experimental design, sample preparation, acquisition, data processing and metabolite 
identification, bioinformatics and metabolite pathway visualization. Together this can provide 
a comprehensive understanding and interpretation of a biological hypothesis or question 
(Roessner & Dias, 2013). The three main analytical platforms most commonly used are 
Nuclear Magnetic Resonance Spectroscopy (NMR), Gas Chromatography-Mass 
Spectrometry (GC-MS) and Liquid Chromatography-Mass Spectrometry (LC-MS); the latter 
two analytical platforms have become more general platforms to provide greater coverage of 
the primary and secondary metabolomes (Roessner & Beckles, 2012). The ongoing 
development of sensitive analytical instrumentation, data pre- and post-processing software, 
on-line databases together with genomics, transcriptomics and proteomics (systems biology)  
assists plant breeders and scientists to understand biological questions with respect to plant 
disease, diagnosis and management (Mittal, 2015), identification of herbicidal mode of 
                                                          
1
 Some proportions of this chapter were published in Boonchaisri, S., Rochfort, S., Stevenson, T., & Dias, D. A. 
(2019). Recent developments in metabolomics-based research in understanding transgenic grass metabolism. 
Metabolomics, 15(4), 47. doi:10.1007/s11306-019-1507-4.  
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action(s) (Grossmann et al., 2012), improving and optimizing livestock nutrition (Soumeh et 
al., 2016) and elucidating ecological interactions between root exudates and soil microbiota 
of agricultural crops (Park et al., 2014).  
 
More recently, untargeted-based metabolomics has played a pivotal role towards the 
assessment and biosafety and biosecurity of genetically modified (GM) crops. Before GM 
crops are commercialized, safety and security are strictly evaluated according to the rules of 
„substantial equivalence‟ originally developed by the international agency, the Organization 
for Economic Co-operation and Development (OECD) in 1993 (OECD, 1993). Applying 
metabolomics-based approaches and practices can provide comprehensive and comparative 
analyses, increasing the likelihood of detecting any unprecedented and unwarranted changes 
in plant metabolism caused by genetic modification. 
 
GM crops have been developed to improve selected agronomic traits such as increased yield, 
resistance to pests, and enhanced nutritional values (Frank & Engel, 2013). However, among 
the commercialized GM crops, herbicide resistance (HR) has been the major trait since the 
first introduction of glyphosate-resistant soybean (Glycine max) in 1995 (Green, 2018). A 
survey in 2018 estimated that vast acreage of HR crops alone were accounted for 46% of 
those global biotech crop area (191.7 million hectares) grown in 26 countries (James, 2019). 
In detail, the majority of HR crops in the above survey were limited to 5 major crops 
including: alfalfa (Medicago sativa), canola (Brassica napus), cotton (Gossypium hirsutum), 
corn (Zea mays) and soybean (Glycine max). The cumulative benefit of the dominant soybean 
HR crop, from 1996-2015 was estimated to be worth US$ 50 billion. Subsequently, the 
global annual benefit of the HR soybean production rapidly increased from ~US$ 400 million 
during its introduction in 1996-1998 to US$ 5.3 billion in 2013 (Brookes & Barfoot, 2017). 
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The top 5 countries (USA, Brazil, Argentina, Canada, and India) cultivated 91% of the global 
biotech crop area of 191.7 million hectares. The largest growing area was observed in the 
USA (75.0 million hectares), followed by Brazil (51.3 million hectares), Argentina (23.9 
million hectares), Canada (12.7 million hectares) and India (11.6 million hectares) (James, 
2019). Undoubtedly, HR crops offer great benefits to farmers by providing efficient 
alternatives for controlling weeds, resulting in enhanced crop yield, quality and revenue. 
Weed control in HR crops is achieved using single or multiple chemical sprays of broad-
spectrum herbicides to destroy all surrounding weeds without damaging the crops 
themselves. 
 
Before the HR crop era, plant growers relied primarily on a set of herbicides to remove 
weeds. This practice involves a number of complicated steps including: timing application 
and selection of the appropriate herbicides to attain the highest levels of weed control. The 
success of HR crops together with associated herbicides benefit agrochemical manufacturers 
and agribusinesses but simultaneously discourages the efforts to invent novel herbicides, a 
process which requires substantial time and investment. Recently, the apparent increase of 
herbicide-resistant weeds reported worldwide (Heap & Duke, 2018) has prompted plant 
growers, plant breeders and agrochemical companies to develop novel strategies to protect 
their crops (Heap & Duke, 2018). 
 
The successful implementation of HR crops has initiated similar transformations in other 
plants with high economic value. For example, turfgrass is second in terms of its economic 
value to GM maize (Zea mays) in the US seed market (see review by  Huang et al., 2014). In 
the USA, turfgrass can be grown in areas as large as 16 million hectares, three times larger 
than maize plantings (Brosnan & Breeden, 2013). The vast acreage of turfgrass includes 
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home yards, golf courses, parks, soccer fields, and roadsides, and continues to increasingly 
provide aesthetic values in metropolitan and suburban areas (Carey et al., 2012). In stating 
this, HR turfgrass has been proposed to replace conventional cultivars to facilitate an 
improved weeding program. This concept is well accepted by many users especially golf 
course superintendents who deal with increasing weed problems in maintaining high quality 
turf (Johnson & Riordan, 1999). Several turfgrass species have been transformed to resist 
either of the broad-spectrum herbicides: glyphosate or glufosinate. Transformed turfgrass 
species include creeping bentgrass (Agrostis stonifera), bermudagrass (Cynodon spp.), 
zoysiagrass (Zoysia japonica) and tall fescue (Festuca arundinacea) (Song et al., 2013). 
However, controversy over the use of these transgenic grasses due to the likelihood to impact 
the environment, there is a fear that glyphosate resistant turfgrass may become a persistent 
weed hard to remove if it escapes off-site. Furthermore, escapee plants may act as a 
continuing source of novel genes that could transfer to wild type relatives for extended 
periods of time (Neal, 2000). It is possible that the GM turfgrass and hybrid offspring may 
disturb ecological balance causing a threat to endangered plant species as well as other 
organisms that feed on affected plants.  Furthermore, different growing systems between 
perennial turfgrasses and annual crops require special consideration in regards to the 
evolution of herbicide-resistant weeds. A comprehensive GC- and LC-MS untargeted 
metabolite profiling approaches together with other well-established omics technologies such 
as proteomics will be used as a tool to monitor the metabolic changes (if any) and identify 
key metabolite(s) that are responsible for unforeseen effects in HR turfgrass metabolism. As a 
result, improved strategies for the genetic engineering can be designed and appropriately 
implemented in the production of HR turfgrass.  
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The Plant Biotechnology Group at RMIT University has developed glufosinate-resistant 
buffalo grasses (S. secundatum) via the expression of novel genes encoding acetyltransferase 
enzymes. A preliminary screening has shown that these grasses are able to tolerate the 
application of glufosinate to levels well above the recommended application dosage. These 
newly created grasses may hold significant promise as commercial turf grass varieties to 
supply either home lawn or range land due to their reasonably low maintenance cost. 
However, their respective biochemistry mechanisms of these transgenic events have never 
been investigated and in particular, a degree of change in the metabolisms of these transgenic 
buffalo grasses is unknown. For any GM plants, alterations in their molecular phenotypes 
such as mRNA, proteins and metabolites could cause public concern with respect to their 
biosafety, resulting in difficulties in the subsequent commercialization. Therefore, it is 
necessary to conduct a comparison of the metabolic characteristics between these HR grasses 
and their parental wild type so that the magnitude of changes in their metabolisms can be 
evaluated.  
 
In this project, we have provided a comprehensive investigation towards understanding the 
mechanistic changes of the newly developed transgenic buffalo grasses following the 
application of glufosinate, using a combination of Gas Chromatography-Mass Spectrometry 
(GC-MS), High Resolution- Liquid Chromatography-Mass Spectrometry (HR-LC-MS) 
untargeted metabolomics as well as HR-LC-MS based proteomics. The findings from our 
investigations of the novel, transgenic buffalo grasses will be discussed with respect to 1) the 
biosafety of the novel buffalo grasses associated with alterations in metabolism (if any) 
resulting from the novel gene insertion; 2) any associated mechanisms underpinning the 
deleterious effects of the application of glufosinate treatment with respect to the primary, 
secondary metabolome and proteome; and finally 3) the comprehensive supporting evidence 
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towards the analyses of C4 grasses for both the regulation and risk assessment of GM plants 
with a  focus on buffalo grasses. 
 
1.2. Turfgrass 
 
1.2.1 Turfgrass biology and its economic value 
 
It has been estimated that there are approximately 7,500 turfgrass species distributed 
worldwide. Among these species, up to 40 species are cultivated for agronomic purposes 
(Song et al., 2013). Turfgrass are narrow-leaved grass species that provide a uniform and 
sustaining ground cover that can tolerate traffic and close mowing (< 5 cm). Turfgrass can be 
divided into 2 groups: cool-season and warm-season turfgrass. Cool-season turfgrass are 
species that grow best at cooler temperatures of 15 – 24 oC. During warmer temperatures they 
may become dormant, injured or destroyed (Song et al., 2013). Some well-known cool-
season turfgrass include creeping bentgrass (Agrostis stolonifera L.), Kentucky bluegrass 
(Poa pratensis L.), perennial ryegrass (Lolium perenne L.) and tall fescue (Festuca 
arundinacea Schreb.) (Christians et al., 2016).  In contrast, warm-season turfgrass are species 
that have optimal growth at warmer temperatures of 24 – 32 oC (Snyder et al., 2008). They 
may become dormant and turn brown in cooler periods of the year but when warmer weather 
returns in spring, they will turn green. Some warm-season turfgrass include; bahaigrass 
(Paspalum notatum Flügge), buffalograss (Buchloe dactyloides (Nut.) Englem), centipede 
grass (Eremochloa ophiuroides), seashore paspalum (Paspalum vaginatum Swartz.), St. 
Augustinegrass (Stenotaphrum secundatum (Walt.) Kuntze) and zoysiagrass (Zoysia spp.) 
(Christians et al., 2016). 
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In Australia, the turf industry is substantial, and growing, generating a total farm gate value 
of AUD 228.64 million based on approximately 44 million square meters of turf production 
during 2016-2017 (Horticulture Innovation Australia Ltd., 2017). As previously mentioned, 
turfgrass is used as home lawn, in parks, sports fields, golf courses and on the roadside. It 
contributes significantly to our environment by preventing soil erosion, conserving soil 
moisture and reducing the heat island phenomena in urban areas. Furthermore, it offers 
aesthetic value, improving well-being and providing safe playing surfaces for sports and 
recreation (Song et al., 2013). Currently, the land area covered by turfgrass is increasing due 
to a rapid growth in urban development. Turfgrass is the largest irrigated crop in the USA. It 
is grown for more than 160 billion square meters, a vast area 3 times larger than that for corn 
(Zea mays) (Brosnan & Breeden, 2013). A major factor linked to the expansion of USA 
turfgrass coverage was the strong association of turfgrass aesthetics to family and 
community, as well as its contribution to soil conservation (Carey et al., 2012). The quality of 
turfgrass is determined by the following characteristics: greenness in terms of hue and the 
amount of observed yellow leaf discoloration, density in terms of soil surface coverage and 
numbers of tillers per unit area, damage in terms of degree of pest and disease infection, and 
general growth rate. Evaluation of turfgrass quality is usually based on a visual rating in 
relation to greenness and density, Trenholm and Unruh (2005) assessed the quality of 2 warm 
season grasses: Cynodon dactylonx C. transvaalensis Burtt-Davy and Stenotaphrum 
secundatum, using a visual rating scale of 0 to 9. The score 0 denoted the grass was destroyed 
and 9 represented dark green, healthier uniform grass. High scores reflected higher quality 
turf and that closely related to optimal aesthetic values to commerce and consumers. 
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1.2.2 Economically valuable turfgrasses 
 
1.2.2.1 Buffalo grass (S. secundatum (Walter) Kuntze) 
 
A) Habit, distribution and physiology 
 
Buffalo grass (S. secundatum (Walter) Kuntze) is a perennial warm season grass with 
extensive stolon which formed a dense mat. Culms prostrate with 10–30 cm long, leaf-
sheaths keeled and ligule show a fringe of hairs. Leaf-blades are 2–15 cm long and 4–9 mm 
wide. Inflorescences are composed of racemes and deciduous as a whole. Each raceme bears 
1–3 fertile sessile spikelets. Basal sterile florets are male with palea. Lemma of lower sterile 
floret appeared in ovate shape. The apex of palea and lemma apex are chartaceous and acute, 
respectively (Clayton et al., 2006). 
 
Buffalo grass is distributed in a diverse geography across the globe, and is found on every 
continent and almost every climatic zone. This grass was known in several names in different 
parts of the world (Sauer, 1972).  In this thesis, S. secundatum is referred to as buffalo grass 
according to its common name in Australia. Buffalo grass is generally a coastal pioneer. 
Originally it was found on sandy beach ridges, on the perimeter of mangrove forest and 
lagoon and on limes stone shores. It was brought inland primarily to grow as lawn and 
pastures. By the mid-19
th
 century, it was first recorded in South Australia (1911), and then 
Queensland (1917), Western Australia (1923), Tasmania (1945) and Victoria (1955). Buffalo 
grass escaped from human cultivation and actively grew in the local environment. The 
widespread buffalo grass was triploid so it multiplies vegetatively through a vigorous stolon. 
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It can become a weed along roadsides and in ruderal habitats and can displace the native 
grass species (Casler & Duncan, 2003). 
 
The recommended nitrogen (N) fertilizer rate for buffalo grass to attain acceptable quality 
home lawn varies from 98- 245 kg ha
-1
 depending on the original health and fitness of the 
grass (Trenholm & Unruh, 2007). When N was applied at insufficient rate (50 kg N ha
-1
   
year
 -1
), less amount of potassium (K), calcium (Ca), copper (Cu) and manganese (Mn) were 
observed in plant tissues (Trenholm & Unruh, 2007). Interestingly, high N application rates 
have been recommended to provide additional benefit to buffalo grass that was exposed to 
herbicidal injury (Shaddox et al., 2016). As buffalo grass is a warm-season turfgrass, it 
requires higher light intensity to maintain its normal activities (Cook et al., 2005). However, 
it appears that buffalo grass is also tolerant to moderate and heavy shade, demonstrating turf 
quality as high as 50-70% when growing under 32% and 12% of full sunlight (Wherley et al., 
2013). Total transpirable soil water (TTSW) and evapotranspiration (ET) rate of buffalo grass 
have been shown to be significantly higher than two varieties of bermuda grasses (Fuentealba 
et al., 2016). This observation indicates a relatively high ability of buffalo grass to extract 
water from soil. It is possible that high rates of ET in buffalo grass may lead to higher root 
growth and, therefore, enhances access to water reserve deeper in the soil profile. This notion 
was in agreement with the observation in a commercial cultivar (Floratam), which 
significantly increased root depth and density in response to progressive soil drying.  
 
 B) Herbicidal effects  
 
Due to growing demands for large quantities of buffalo grass, turf farms employ both pre and 
post emergence herbicides to keep weeds under control. Studies have evaluated the effects of 
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several herbicides and their mixtures on buffalo grass at different stages of growth. For 
example, the effect of a pre-emergence herbicide, atrazine (0.22 g m-
2
) on the establishment 
of young buffalo grasses was tested (Peacock & Dudeck, 1982). Although atrazine caused a 
reduction in number of nodes and stolons during the first 6-12 weeks of application, it 
effectively eliminated weed resulting in better growth of buffalo grass. Studies investigating 
the effects of pre-emergence herbicides on the establishment of buffalo grass have focused on 
root growth (McCarty et al., 1995). This work confirmed that atrazine and atrazine plus 
metolachlor reduced root length and biomass by 20-60%. In addition, dithiopyr and 
pendimethalin demonstrated the most detrimental effects on young grasses, causing more 
than 70% reduction in root length and biomass. On the other hand, isoxaben and oxadiazon 
showed no significant effects on root growth unless the concentration of oxadiazon was 
raised above 3.4 kg ha
-1
.  
 
On well-established buffalo grass, the effects of 25 herbicides have been screened on the sod 
regrowth after harvest (Grichar & Havlak, 2010). This study pointed out that fenoxaprop-
ethyl, monosodium methanearsonate (MSMA), and quinclorac were the most damaging 
herbicides to buffalo grass. In contrast, asulam, atrazine, benefin, bentazon, clopyralid, 
ethofumesate, isoxaben, metolachlor, oxadiazon, pendimethalin, simazine, triclopyr plus 
clopyralid, and the triple combination of 2,4-D plus 2-(4-chloro-2 methylphenoxy) propionic 
acid (MCPP) plus dicamba resulted in variation in visual injuries during the first 10 days of 
herbicide application. However, subsequently the grasses were still able to regrow and ready 
to be harvested at the end of experiment. Costa et al. (2010) has also recommended a list of 
selective herbicides suitable for buffalo grass management. These included chlorimuron-
ethyl, ethoxysulfuron, halosulfuron, iodosulfuron-methyl and metsulfuron-methyl, lactofen 
and oxadiazon. 
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1.2.2.2 Kentucky bluegrass and creeping bentgrass  
 
Kentucky bluegrass (Poa pratensis L.), and creeping bentgrass (Agrostis stolonifera L.) are 
two other major commercial turgrasses popularly used in several venues. Kentucky bluegrass 
is a perennial, cool-season grass. It provides dense green sod which is suitable for parks and 
home lawn as well as excellent for soil erosion control. Due to its dense forming quality, it is 
a favorite in the heavy traffic spaces such as ball fields, golf course, camp grounds, and 
picnic areas. For creeping bentgrass, it is a perennial, cool season grass which is widely used 
as a golf course turf, due to its dense growth and tolerance of close mowing. Despite lower 
productivity, it has the advantage of being green throughout summer. 
 
For extensive detail of these 2 major grasses, please refer to the comprehensive review 
developed from this chapter by Boonchaisri et al. (2019). 
 
1.3. Metabolomics 
 
1.3.1 Introduction to metabolomics 
 
Metabolomics is a now considered a well-established field among the ―omics‖ technologies 
which include genomics, transcriptomics and proteomics as part of the systems biology 
cohort. The main goal of metabolomics is to understand biochemical phenotypes through the 
comprehensive, untargeted (semi-quantitative) analysis and/or quantitative analysis of a 
subset of targeted metabolites. Metabolites are defined as intermediates and end products of 
metabolism whose size generally are smaller than 1,000 Da. There are 3 advantages of 
Chapter 1 
16 
 
studying metabolites compared to other biomolecules (Bloszies & Fiehn, 2018; Kosmides et 
al., 2013; Schuhmacher et al., 2013; Walker et al., 2019): 
 
 1) metabolic phenotyping is the closest to the ultimate phenotype of biological 
samples (morphology and physiology) than other molecular phenotypes. This is because 
metabolites are a final downstream product of a dynamic interaction between gene regulation 
and protein expression in response to external conditions.  
 2) the estimated numbers of endogenous metabolites in a particular biological 
organism are expected to be dramatically less than the number of genes, mRNA transcripts 
and proteins in the same sample and therefore make it less complicated to analyze.  
  3) the „metabolome‟ consists of a diverse array of compounds offering a wider 
perspective to potentially decipher not only inherent biological systems but also the life time 
summary of exogenous exposure to organisms, which is denoted as exposome (e.g. vast 
arrays of chemical exposure, subsequent internal dose and pattern of exposure-specific 
biologic perturbation).  
 
There are three strategies used for metabolomics analysis: metabolic profiling, metabolite 
target analysis, and metabolic fingerprinting (Hill & Roessner, 2013). A suitable analytical 
strategy depends on the research question, the main aim of the research project or both. 
Metabolomics profiling aims to detect as many metabolites as possible, both known and 
unknown metabolites. It is a semi-quantitative method because it primarily aims to determine 
the relative concentration of individual metabolite in comparison to those detected from the 
respective comparators (usually the control experiments) (Dias & Koal, 2016). In contrast, a 
metabolite targeted analysis aims to determine the absolute concentration of preselected 
metabolites that are only associated with a particular pathway of interest [e.g. Tricarboxylic 
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acid cycle (TCA cycle)]. It is an absolute quantitative method because the actual 
concentration is determined by calculation based on a standard curve. Prior to quantification, 
targeted metabolites are obtained by specialized extraction protocols and special designed 
separation and detection methods. The final strategy in metabolomics analysis is metabolic 
fingerprinting, which generally aims to create a fingerprint from all measurable chemicals to 
characterize a specific metabolic state to enable the comparison and discrimination between 
the biological samples. According to this strategy, individual metabolite identification is 
unnecessary and a non-specific, rapid analysis of crude metabolite mixtures is adopted (Fiehn 
& Kind, 2007).   
 
1.3.2 Typical untargeted metabolomics workflow 
 
There are 3 main steps to perform a metabolomics analysis: sample preparation, compound 
analysis and data analysis. The example of typical workflow for GC-MS based metabolomics 
is illustrated in Fig. 1.1 
 
1.3.2.1 Sample preparation 
 
The preparation of biological samples (particularly in this thesis, plant tissues) for solvent 
extraction and metabolites analysis can be a major source of variation in the final results if 
not conducted carefully. Firstly, all of the factors involved with the sample must be consistent 
across treatments because metabolites are highly sensitive in response to both external and 
intrinsic stage of the organism. The external factors that should be controlled are the 
temperature, the time of day/season when harvesting the samples, light conditions, day/night 
temperature. The intrinsic conditions that should be taken into consideration are genetic  
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Figure 1.1 Diagram showing the workflow to perform a typical GC-MS based metabolomics 
analyses. 
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background, the growing and developmental stage, types of tissues or organs. In the study 
site. samples should be instantaneously submerged into liquid nitrogen to stop all enzymes 
activity, preventing the metabolites degradation and/or modification. After return to the 
laboratories, the samples may be transferred to the -80 
o
C freezer or dried in the freeze-drier. 
At least 3-6 biological replicates are required depending on the availability of the samples 
and technical replicates are also recommended to ensure the reproducibility of the analytical 
techniques (Roessner & Dias, 2013). 
 
The samples are homogenized to lyse the cells at a low temperature using liquid nitrogen. 
The choice of a metabolite extraction protocol is very vital in metabolomics studies as it can 
directly affect the metabolite coverage and metabolite concentration (Rodrigues et al., 2019). 
Generally, the aim of any extraction protocols is to allow diverse groups of metabolites to be 
isolated as many as possible (Hill & Roessner, 2013). However, there are not yet any 
universal extraction protocols which are suitable for all kinds of biological questions and for 
different analytical instruments. To date, the most popular extraction protocol is solvent 
extraction (Kim & Verpoorte, 2010). Several aspects with reference to this particular protocol 
should be considered when applying it to metabolomics studies. These include the solvent 
properties, ratio between solvent and sample, duration of extraction and temperature. Among 
these factors, the solvent properties are the most critical aspect determining the choice of an 
appropriate solvent (Kim & Verpoorte, 2010). The properties of the selected solvent should 
not only allow non-selective extraction of several classes of metabolites in order to recover 
adequate metabolite coverage but has to meet specific requirements/limitation of analytical 
tools of choices as well. 
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As no single solvent is capable of extracting all metabolites in a biological sample, 
combinations of several different solvent properties can be used. In response to this concept, 
a mid- polar solvent system such as aqueous methanol (MeOH) composed of a mixture 
between water and proportions of MeOH ranging from 30 to 70% v:v is often used. For 
example, MeOH:water (1:1 v:v) was used to extract metabolites from leaves of Brassica rapa 
and it was clear that several classes of metabolites including amino acid, fatty acid, sugars, 
phenylpropanoids, flavonoids and glucosinolates were effectively extracted (Abdel-Farid et 
al., 2007; Simoh et al., 2009). Another good example of appropriate solvents is a two-phase 
solvent system. Kim and Verpoorte (2010) used a mixture of chloroform:MeOH:water (2:1:1 
v:v) to extract Arabidopsis seeds harvested from 2 different populations. The results showed 
that this two-phase solvent system is very useful for the extraction of both non-polar and 
polar metabolites, with a polar metabolites separated into an aqueous phase (methanol:water) 
whilst non-polar metabolites dissolved in a lipophilic organic phase (chloroform). This 
fractionation offered the authors with more information to conduct data analyses. Moreover, 
acetate (pH range 3.7–5.6) or phosphate (pH range 5.0–7.4) buffers are recommended to 
replace pure water in the solvent mixture to provide a better control of pH values during 
extraction (Kim & Verpoorte, 2010), avoiding the risk of artifact contamination which 
formed either at very low or high pH level (Maltese et al., 2009). Another consideration with 
reference to the solvent properties involves the limitations of the specific analytical tools. For 
GC-MS based metabolomics, the range of appropriate solvents is limited to volatile 
compounds and if polar metabolites are targeted, a chemical derivatization is compulsory 
(Hill & Roessner, 2013). In the case of metabolomics studies based on LC-MS, a major 
limitation of this analytical technique is that the selected solvent in which the sample is 
injected must be miscible and should be similar to the LC mobile phases used. For the typical 
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reverse-phase separations, LC mobile phases used are generally aqueous eluents with 5–50% 
of an organic solvent (e.g. methanol and acetonitrile). 
 
Furthermore, the addition of stable isotope labeled internal standards (IS) (the synthesized 
compounds often labeled with 2H, 13C, 15N, or 17O in their molecules) to the extraction 
solvent offers various benefits to metabolomics studies (Tan et al., 2012). By taking into 
account the  measurable abundance of IS in the extract, one can monitor extraction 
reproducibility, make a compensation for accuracy, precision, ionization suppression or 
enhancement effects and matrix effects of an analytical protocol and normalize all detectable 
metabolites, allowing a valid comparison across treatments/batches (Rodrigues et al., 2019). 
 
1.3.2.2 Metabolite analysis 
 
Metabolites in the biological samples consist of a wide varieties of chemicals ranging from 
the small molecules, what are classified as primary metabolites (e.g. carbohydrates, amino 
acids, and organic acids) to larger and more complex structures that are considered secondary 
metabolites (e.g. phenolics, alkaloids, terpenoids etc.). However, it is impossible to analyze 
the entire metabolome using a single analytical approach. Besides, it is possible that two 
samples with significantly different metabolome, may not show a clearly different metabolite 
pattern if the analyses were restricted to a single type of analytical technique. Therefore, it is 
recommended to combine different analytical platforms to create comprehensive 
metabolomics profiles. There are several analytical techniques used in metabolomics, 
including Gas Chromatography–Mass Spectrometry (GC–MS), Liquid Chromatography-
Mass Spectrometry (LC–MS), Capillary Electrophoresis-Mass Spectrometry (CE-MS), High-
Performance Liquid Chromatography (HPLC), Nuclear Magnetic Resonance (NMR) 
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Spectroscopy, Fourier Transform Ion Cyclotron Resonance-Mass Spectrometry (FT-ICR/MS 
or FT-MS) and Raman spectroscopy. Each of these methods has their own limitations and 
benefits (Kosmides et al., 2013).  
 
1.3.2.3 Analytical instrumentation 
 
In this project, experiments were conducted, using 2 types of mass spectrometry (MS) based  
metabolomics: GC-MS and LC-MS. Therefore, the next section will focus on these two 
analytical techniques and describe them in more detail. 
 
A) Gas chromatography-mass spectrometry (GC-MS) 
 
It is the most developed robust and highly reproducible technique to initiate first-pass 
metabolomics investigations. It is not only suitable for the analysis of volatile, lipophilic 
compounds but also the analysis of hydrophilic compounds after they are made volatile by 
chemical derivatization (Dias & Koal, 2016). Because the results are highly standardized and 
reproducible across GC-MS systems from different manufacturers around the world, 
comprehensive mass spectral libraries can be created to aid in compound identification.  
  
The initial step in GC-MS-based metabolomics is a separation of metabolites in a crude 
mixture, using GC. This step involves complicated sample preparations given that GC-MS is 
only suitable to separate volatile compounds. Numerous compounds must be derivatized, 
using MeOX and –TMS to structurally modify them to become volatile and stable at high 
temperature. Derivatization must be performed carefully as it requires anhydrous conditions 
to prevent the resultant TMS derivatives from degradation and the derivatization reagents are 
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highly toxic. However, GC–MS also has advantages, it provides a highly separated 
chromatogram, is very robust in quantification, has good reproducibility of data acquisition, 
and carries comparatively low operation and maintenance costs. Because GC–MS has long 
been applied to metabolomics studies, it is now a well-established method with respect to 
machine setup, availability of referencing libraries and powerful data interpretation software. 
 
At the GC separation step, metabolites are evaporated and then separated based on the 
principle of differential partitioning between a mobile gas phase and a solid stationary phase. 
The mobile phase is an inert gas such as helium (He) and the stationary phase is generally a 
resin polymer coated onto a surface inside an extended GC column. Different metabolites 
migrate through the column at different lengths of time, called retention time, (RT) 
depending on how strongly they interact with the stationary phase, their volatilities and hence 
the oven ramp setup. Metabolites sequentially emerge from the GC column which then passes 
to MS.  
 
During the MS, the gas phase metabolites are ionized, using a variety of ion sources. The 
most common source for GC-MS is electron ionization (EI) achieved by passing metabolites 
perpendicular to high energy as high as 70 eV electron beam that results in extensive 
fragmentation as well as positively ionization the compounds. The ionized fragments are 
guided to quadrupole (Q) mass analyzer where the fragment ions are either sorted, full scan 
mode or specifically selected, selected-ion monitoring (SIM) mode, according to their mass-
to-charge ratio (m/z) in magnetic fields in vacuo. The ionized fragments continue travelling 
to the detector where the signal is processed and mass spectrum is generated.  
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Subsequently, the acquired spectrum must be pre-processed to reduce background noise, 
adjust for baseline shifts and machine drift, detect and align the peaks, and deconvolute mass 
spectra. A number of software packages are available for this step such as Automated Mass 
Spectral Deconvolution and Identification System (AMDIS, National Institute of Standards 
and Technology, Gaithersburg, MD, USA) and Masshunter (Agilent). Relative concentration 
of each metabolite is quantified by integration the area under each component peak in the ion 
chromatogram by relating it to the unique m/z of internal standards. Normalization of the 
relative concentration against the internal standard must be performed to reduce the effect of 
experimental error and sensitivity shift during instrumental operation so that the normalized 
data becomes suitable for further statistical analyses. Identification of each metabolite is 
conducted by matching RI (retention time index) and mass spectrum from each component 
peak with corresponding compounds registered in a reference library (Hill & Roessner, 
2013).  
 
B) Liquid chromatography-mass spectrometry (LC-MS) 
 
LC-MS is a collective term for analytical systems that combine a separation units (LC) based 
on differential partitioning between the liquid mobile phase and the solid stationary phase to a 
mass analysis unit (MS). This hyphenated analytical platform is well accepted for the analysis 
of large molecules (> 5000 Da) (Kumar et al., 2016). LC-MS-based approach is predicted to 
dominate the non-targeted plant metabolomics because of its relatively wide detection range 
as well as high sensitivity so that it is suitable to cope with an extremely diverse class of 
metabolites estimated in plant kingdom. In particular, many groups of secondary metabolites 
are produced in plants to facilitate their physiological adaptation to increase their survival 
rate under biotic and abiotic stress conditions (Oksman-Caldentey & Inzé, 2004). A majority 
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of these compounds are low to medium-polarity metabolites which are best separated and 
detected by LC-MS (Allwood & Goodacre, 2010). Furthermore, a new improved method, 
Hydrophilic Interaction Liquid Chromatography (HILIC) allows LC-MS to extend its 
coverage to include various class of polar metabolites which are normally detected by GC-
MS (Kang, 2012; Wang, 2015b).  Together with the fact that a laborious derivatization step 
for sample preparation is not required in LC-MS based approach (Wang, 2015a), the LC-MS 
is likely to gain more popularity for the primary metabolites analysis.  
 
In LC separation, selection of stationary phase and mobile phase depends on sample 
characteristics, the desired level of separation and other analytical objectives. A reverse phase 
chromatography (RP) is a widely used mode of separation which employs a hydrophobic 
stationary phase such as silica C18-based column that strongly attracts low polarity 
metabolites dissolved in hydrophilic mobile phase. Several improvements has been attempted 
to enhance separation efficiency by modifying the solid stationary phase. For example, a peak 
resolution is considerably improved in capillary LC by reducing an inner diameter of a 
separation column using a very small capillary tube (Theodoridis et al., 2008). In contrast, a 
conventional column is used but packed with smaller particles size of <2 µm in Ultra-High-
Performance Liquid Chromatography (UPLC). This modification increased the system 
sensitivity by 70% compared to the results from the conventional 5 µm packing (Wang, 
2015b). In a monolithic packing column, the analysis runtime decreased twice compared to 
that performed by the conventional LC column because of high external porosity of the new 
packing materials (Kang, 2012).  For a mobile phase, a volatile solvent is recommended for 
LC-MS because it supports the soft ionization technique which involves spraying the sample 
solution in the heated tube. However, water-acetonitrile is a dominant mobile phase used 
today and either acetate or phosphate buffers are required if the pH needs to be adjusted 
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(Teutenberg, 2010). Originally, application of a constant composition of liquid mobile phase 
during separation is called ―isocratic elution‖. Although this mode of separation is simple to 
operate, it suffers from decreased resolution in later stage of separation as evident in peak 
broadening and flattening in later retention time (RT). The improved eluting method called 
―gradient elution‖ solved the above problems by gradually changing the composition of 
mobile phase of at least two solvent with different polarities during the separation processes. 
This latter method not only prevents the poor resolution as mentioned above but also obtains 
more separated components (Allwood & Goodacre, 2010).   
 
Unlike GC-MS, the early version of LC-MS suffered from an incompatible interface between 
the LC and the MS units. Once the continuous flow of liquid mobile phase is discharged from 
the LC, it is vaporized resulting in a massive amount of gas that subsequently flows into the 
MS unit. This would significantly interfere the ionization and detection processes due to 
reduced vacuum level in the MS. This problem was resolved when the first atmospheric 
pressure ionization (API) interface was invented by Bruins and coworkers in 1987. Such 
interface allows the ionization to occur under atmospheric pressure conditions and therefore 
the liquid mobile phase was ionized outside a vacuum instead (Wang, 2015b). The current 
LC-MS system is commonly equipped with two types of API interfaces: either electrospray 
ionization (ESI) or atmospheric pressure chemical ionization (APCI). Both interfaces are 
based on soft ionization techniques which do not excessively break the metabolites with high 
energy but instead transfer charge to the metabolites to produce pseudo-molecular ions (Dias 
& Koal, 2016). In ESI, ionization is achieved by spraying a sample solution through a highly 
charged sample needle (ca 4 kV) that allows charge transfer within the solution before the 
liquid droplets are vaporized and disintegrated in the heated tube (Allwood & Goodacre, 
2010). This technique is good for analysis highly polar, least volatile, or thermally unstable 
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metabolites so that it is suitable for a wide range of samples such as natural substances, 
biological macromolecules, etc. In APCI, the solution is vaporized by the heated nebulizer 
gas before the vaporized stream is corona discharged (adding or losing protons) by a highly 
charged pin (ca 5 kV) located in the heated tube (Allwood & Goodacre, 2010). This 
technique is appropriate to analyze low and medium-polarity metabolites such as fat-soluble 
samples (Allwood & Goodacre, 2010).  
 
The molecular ions produced from either API sources flow into the mass analyzer where they 
are sorted and identified according the m/z in the electric field. Although soft ionization may 
provide a solution to the incompatibility between LC and MS units as well as more accurate 
prediction of original molecular mass, it offers very limited information of molecular 
structures. Further fragmentation of ions using collision induced dissociation (CID) in the 
tandem MS (MS/MS) allows the users to gain detailed information of the molecular 
structures by sequentially measuring the mass of secondary ions in the subsequent MS. The 
tandem mass analysis allows for five flexible designs for mass scanning so that biological 
samples or targeted molecular ions can be analyzed in great detail within the current limits of 
the MS sensitivity (Grebe & Singh, 2011). When combining accurate mass data with isotopic 
distribution of unknown metabolites in conjunction with MS
n
 experiments, one can gain 
additional information aiding the identification of putative metabolites. 
 
One drawback compared to GC-MS is that LC-MS lacks standardized mass spectral libraries. 
The molecular ions and associated adducts determined by different LC-MS (in particular 
high-resolution) instruments are different from vendor to vendor and MS or MS/MS is subtly 
different depending on the collision energy applied (Kang, 2012). Generally, many 
laboratories performing LC-MS based metabolomics create their own ―in-house mass spectral 
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libraries‖ to support their research but they cannot integrate it with a general research 
community. Standardization of mass spectra library for LC-MS is an ongoing effort that is 
unlikely to be achieved in a near future (Kang, 2012).  
 
1.3.2.4 Data analysis 
 
After the data from any analytical techniques has been pre-processed and normalized, it can  
be analyzed by univariate statistics such as the student‘s t-test and analysis of variance 
(ANOVA) to test for significant differences between the control and the treatment groups. 
However, applying this kind of traditional statistics to metabolomics dataset (and also any 
omics) which often contains a large number of observed variables (detectable metabolites), 
will encounter a serious problem due to a multiple testing issue (Playdon et al., 2019). In 
principle, the multiple comparison becomes problematic because simultaneous statistical tests 
of a number of individual hypotheses (each single test has a potential to produce a discovery) 
can greatly increase a random detection of significant differences by pure chance (false 
discoveries) (Higdon, 2013). In a context of metabolomics, it implies that the significance of 
individual metabolites based on acceptable p-values (typically p < 0.05) for each of 
individual tests is no longer represents the significance of the collective set of metabolites 
(Barnes et al., 2016). As a result, approaches for multiple testing correction such as the 
Bonferroni correction (to control the global type I error rate) or the Benjamini–Hochberg 
correction [to control the false discovery rate (FDR)] is required to account for increasing 
error rate due to multiple testing when univariate statistics is applied (Antonelli et al., 2019). 
Although both approaches are very popular, some may argue that both of them (especially 
Bonferroni correction) can be very conservative in the setting of a large number of detectable 
metabolites and may result in the loss of real metabolite differences (Barnes et al., 2016). 
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However, univariate statistics accompanied with a multiple testing correction is still attractive 
in practice because it is simple to implement, provides an easy measure to identify statistical 
significance for any covariate and allows relevant information to be extracted from 
metabolomic datasets (Antonelli et al., 2019).  
 
Because metabolomics analyses generally produce the huge amounts of data, complex 
multivariate techniques are very useful to find patterns within the data and therefore 
biologically relevant information may be identified (Worley & Powers, 2013). These kinds of 
statistics calculate the entire data by taking several factors into account and then simplify it 
by reducing data dimensionality to allow us to relate every single data point and then 
cluster/classify them in a created space. This analysis provides a good visualization of a 
collective behavior of the dataset (i.e. distinguish or cluster the related metabolites across the 
metabolome). The choice of multivariate analyses depends on the advanced knowledge of the 
data. Basically, most metabolites obtained from the analytical techniques are unknown. Thus, 
unsupervised methods that separate the data into classes with no prior knowledge of data 
structure are preferred. Once a specific relationship or a pattern in the detectable metabolites 
is recognized (input), the supervised methods are more suitable. In practice, one often has a 
prior knowledge of which samples belong to some class memberships (output) and therefore, 
the supervised method will attempt to train the model by drawing information from a 
respective class membership (output) to match with the recognized pattern of the observed 
metabolites (input). As a result, a better separation between classes and a knowledge of which 
variables contribute to such separation are obtained. The widely used unsupervised method 
applied in metabolomics is a Principal Component Analysis (PCA) and Hierarchical Cluster 
Analysis (HCA) whereas the common supervised methods is Partial Least Squares- 
Discriminant Analysis (PLS-DA) and Orthogonal PLS-DA (O-PLS-DA). These types of 
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statistics can be calculated by a variety of software  such as DeviumWeb, MetaGeneAnalyse, 
MetaboAnalyst, IMPaLA, MetaMapR etc. To interpret the results in a biological context, the 
analyzed data which is illustrated in the form of heat map is overlaid on metabolic-network 
diagrams. This allows the user to visualize fold changes in each metabolite along the 
metabolic pathways. There are numerous detailed metabolic-network diagrams freely 
available online at GOLM (http://gmd.mpimp-golm.mpg.de) and KEGG 
(http://www.genome.jp/kegg). 
 
1.4 Protemics 
 
Proteomics is a post-genomic discipline focusing on the comprehensive identification and 
quantification of all endogenous proteins (‗proteome‘) in a biological system. To achieve this 
goal, several aspects of the proteins in biological samples are examined. These include the 
levels of protein expression, subcellular localizations, interactions, post-translational 
modifications (PTMs), and turnover (Zhang et al., 2013). However, it is exceptionally 
challenging to analyze the proteome because of its inherent complexity. For example, it is 
expected that 100,000 proteins were likely formed from only 20,235 protein-coded genes of 
the human genome (Gstaiger & Aebersold, 2009).  
 
Traditionally, proteomics is conducted by separating proteins from protein mixtures, using a 
high-resolution two-dimensional polyacrylamide gel electrophoresis (2-DE) technique 
(Bischof et al., 2012). The distinctive spots of proteins detected on the gel are then excised 
and digested for further analysis by mass spectrometry to aid in protein identification 
(Bischof et al., 2012). With the recent advances in high resolution-mass spectrometry (HR-
MS), the high-throughput analysis of soluble protein mixtures has offered precise and 
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comprehensive protein profiling without undertaking 2-DE. These MS-based proteomics is 
generally divided into two major approaches: bottom-up proteomics (BUP) and top-down 
proteomics (TDP) (Smith et al., 2013). 
 
BUP refers to the characterization of proteins by analyzing peptides resulting from 
proteolytic digestion. It is an indirect measurement of proteins because the intact proteins are 
digested into numerous, short, fragmented peptides in order to aid the subsequent analytical 
steps by LC-MS/MS (Zhang et al., 2013). Peptides are then identified by comparing MS 
spectra obtained to those registered in protein databases. Finally, protein identification is 
inferred by assigning peptide sequences to match the original proteins (Rappsilber & Mann, 
2002). However, it is likely that peptides are assigned to either a single protein (if the peptide 
sequence was distinctive) or to several proteins which share a similar sequence at some 
regions of the entire protein sequence. Therefore, protein inference is likely to be difficult and 
the identified proteins may lack of the complete protein sequence or information with respect 
to PTMs (Toby et al., 2016). To reduce this shortcoming, identified proteins could be scored 
and grouped based on their peptides sequences before putative identification (Toby et al., 
2016).  
 
In contrary to BUP, top-down proteomics (TDP) offers a solution to the above-mentioned 
difficulties by directly analyzing the intact proteins with diverse sources of intramolecular 
complexity (B. Chen et al., 2018). The outcome provides identification, characterization, and 
relative concentrations of proteins and multi-proteoform complexes. This method improves 
sequence coverage and detection of PTMs and proteoforms and therefore, TDP is viewed as 
advantageous over BUP (Catherman et al., 2014). Nevertheless, TDP suffers from several 
limitations including difficulties with protein fractionation and difficulties with ionization and 
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fragmentation of proteins in the gas phase prior to introduction into the MS (Zhang et al., 
2013). Furthermore, the data obtained is very complex to interpret them to respective 
proteins. As a result, both BUP and TDP are essential to provide high quality and 
comprehensive measurement of the endogenous proteome.  
 
1.5. Herbicides  
 
1.5.1 Introduction 
 
The discovery of 2,4-D and other phenoxy acids in 1941 by W. G. Templeman at Imperial  
Chemical Industries was a major breakthrough that revolutionized weed management 
(Zimdahl, 2010). Subsequently, considerable improvement has been seen in today‘s 
herbicides such as higher efficacy, lower application rates and increased safety to the crops, 
users and the environment (Green, 2014). Recently, more than 200 active ingredients 
(grouped in 30 chemical families) with 30 different modes of action are available to users 
(WSSA, 2020). However only 6 major modes of actions dominate the herbicide market and 
accounted for 80% of total sales value. There are two kinds of herbicides: selective herbicides 
which kill specific weed species but leave the desired crop intact and non-selective or broad 
spectrum herbicides which effectively kill all plant materials. Herbicides are also classified 
into three groups according to the timing of application. The first group is pre-plant 
herbicides, defined as those herbicides applied before the crop is planted or sown. Therefore, 
they effectively kill weeds before the desired crops are planted. This group of herbicide 
involves an application of broad spectrum herbicides directly to soil surface which then 
incorporate into soil particles (Vats, 2015). This mechanism results in a reduction in volatility 
and photodecomposition of the herbicides from the treated zone. In addition, soil fumigants 
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such as metam-sodium and dazomet are also included in this group of herbicide (Ajwa et al., 
2010; Carlock & Dotson, 2010).  The second group is pre-emergent herbicides that required 
applications after the crops are planted or sown but before the weed seedlings emerge from 
soil. Pre-emergent herbicides only kill emerging weeds by disrupting the cell division but 
have no inhibitory effect on weed germination nor eliminate those weed seedlings that are 
already emerged. The last group is post-emergent herbicides which are applied after the 
weeds have emerged through soil surface. This group includes both broad spectrum 
herbicides and selective herbicides and multiple applications are recommended to achieve a 
satisfactorily control of the weeds. As this group of herbicide has no soil activity, adequate 
absorption/penetration of the herbicides into the weeds via foliar application is crucial to a 
success rate of weed control. Therefore, it is best to apply post-emergent herbicide on a 
rainless day to avoid the wash out effect by rain, so that the herbicides can dry/retain on the 
weed tissues for at least 30 minutes (Vats, 2015).    
 
1.5.2 An emerging role of metabolomics in herbicide discovery  
 
It has been estimated that more than 200,000 chemicals were screened to discover one new 
commercial herbicide. Such a large scale program today can be rapidly accomplished with 
the aid of large chemical libraries, combinatorial chemistry and automated high-throughput 
testing systems (Green, 2014). The advances in omics technologies, which include functional 
genomics, transcriptomics, proteomics, metabolomics and physionomics, begins to emerge as 
important tools to facilitate discovery of new herbicides (Duke, 2012). With support from the 
technologies mentioned above, it becomes routine to find specific inhibitors of enzymes with 
unique functions in plant metabolism. The real challenge in this search for the new herbicides 
is to find bioactive compounds that specifically inhibit the target sites at a low application 
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rate but also demonstrates effectiveness at the whole plant level (Green, 2014). In this 
regards, a comprehensive metabolite profile of plants in response to the herbicide of known 
mode of actions not only offers a valuable source of reference (Duke, 2012) but also fulfills 
missing gaps in the understanding of weed killing mechanisms. 
 
To describe in more detail, the discovery pipeline begins by searching for bioactive 
compounds in a mixture of natural products and/or semisynthetic compounds using classical 
extraction, isolation and fractionation technique or a spectroscopic approach (Step 1, Fig. 
1.2). Sensitive, mass spectral chemical profiling and fingerprinting methodologies have 
routinely been applied to rapidly screen hundreds of compounds within a complicated 
biological matrix to identify either active ingredient which was not possible in the past 
(Green, 2014). Subsequently, fractions separated from Step 1 are tested on several plants 
(Step 2) to not only establish the potential effects of bioactive compounds but to also 
determine an appropriate time and dose. In classical methods, this kind of bioassay to 
distinguish phytotoxic effects of the candidate bioactive natural product (s) and/or 
semisynthetic compounds is repeated on model plants (preferably with a known sequenced 
genome such as Arabidopsis or Zea may) at a sub-lethal dose (Step 3), followed by extensive 
series of in vitro tests to detect putative phytotoxic biomarkers (Step5). Introducing 
metabolomics (Step 4) into the pipelines can ‗target‘ potential phytotoxic biomarkers even 
from complicated matrices. For details of this step, the metabolite profiles of the treated 
organisms with the bioactive compounds are then compared to those treated with previously 
characterized standard compounds with known herbicidal modes of actions (i.e. glufosinate, 
glyphosate, ALS inhibitor). Global changes in metabolism (known or unknown metabolites) 
which appear in the response profile are analyzed, using multivariate analyses (e.g. PCA) to 
discriminate or classify the effect of compounds under investigation in comparison to  
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Figure 1.2 A simplified workflow to discover a new herbicidal mode of action. 
Metabolomics was applied as additional steps to accelerate the discovery. Step 1 = Selecting 
compounds using fractional-guided or high throughput-based screening, Step 2 = preliminary 
glass house testing on several plants to establish the potential effects of bioactive compounds 
as well as determine an appropriate time and dose for further experiment, Step 3 = bioassay 
the model plants such as Arabidopsis at a sub-lethal dose of the bioactive compounds in 
parallel with the assays, using a numerous standard herbicides with known mode of actions, 
Step 4 = multivariate analyses of metabolite profiles to obtain a clue on the putative mode of 
actions of the bioactive compounds and Step 5 = classical in vitro detection of phytotoxic 
biomarkers to confirm herbicidal mode of action. 
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standard herbicides. Candidate compounds are then linked to mode of actions of a particular 
standard herbicide that share identical response profiles based on multivariate analyses 
(Duke, 2012). If the metabolite profile in response to the novel bioactive compounds does not 
match the response profiles from any standard herbicides, it is likely that the compounds of 
interest have a new mode of action causing metabolic alterations in the model plants. 
Consequently, this would warrant further in vitro testing for structural identification and 
mechanistic confirmation (Aliferis & Jabaji, 2011). 
 
1.5.3 Detailed information of glufosinate 
 
Glufosinate is a key herbicide associated with our HR buffalo grasses and therefore, 
providing detailed information of this broad herbicide is necessary. This section will provide 
further description of glufosinate in various aspects, especially those related to metabolomics 
studies. Moreover, the knowledge learnt from the investigation on glufosinate can at some 
degrees contributes a basic knowledge to extend our understanding on the functions and 
importance of herbicides.  
  
1.5.3.1 General knowledge 
 
Glufosinate (phosphinothricin) is a broad spectrum herbicide that contains an active  
ingredient, D,L-phosphinothricin (D,L-PPT) ammonia (Duke et al., 2010). Phosphinothricin 
is a phosphinic acid because the phosphorus atom is bound between two carbon atoms in its 
structure (Fig. 1.3 A and B). Phosphinothricin was first discovered as a tripeptide called 
bialaphos by two independent research teams from The University of Turbingen, Germany 
and Meiji Seika Kaisha, Japan in 1971 (Hoerlein, 1994). The German team obtained the 
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tripeptide bialaphos from Streptomyces viridochromogenes (Bayer et al., 1972) whereas the 
Japanese team obtained it from Streptomyces hygroscopicus (Kondo et al., 1973; Ogawa et 
al., 1973). Bialaphos consists of L-PPT which was an unknown amino acid at the time, 
connecting to 2 L-alanine molecules (Fig. 1.3C). This newly discovered tripeptide proved to 
have a weak antibacterial and antifungal properties but further investigation in a glasshouse 
and field trials revealed a surprising strong herbicidal activity against a number of plants 
(Hoerlein, 1994). Because a similar tripeptide, phosalacine in which one of L-alanine is 
replaced by one of L-leucine (Fig.1.3D) also showed antibacterial activities against Bacillus 
subtilis, it was postulated that L-PPT was the active ingredient responsible for its biological 
effects (Omura et al., 1984). A subsequent test using synthetic D,L-PPT confirmed the 
hypothesis. Based on chemical structure, bialaphos is anticipated to be hydrolyzed inside the 
target plants or microorganisms to release L-PPT so that it can demonstrate a biological effect 
(Tachibana et al., 1986b). Because of its marked herbicidal effects, the German company 
Hoechst AG applied for a patent, and soon after the Japanese company (Meiji Seika Kaisha) 
also applied a patent for this tripeptide (Meriel, 2008).   
 
Glufosinate was first introduced as herbicide in Japan in 1984 followed by the successful 
registration in UK in 1991. In the US, it has been approved since 1993 and by 2004 it was 
registered in 80 countries worldwide (Hoerlein, 1994). A review by European commission 
was applied on 2007 for an approval use in 21 European countries (European Commission, 
no date; Meriel, 2008). Glufosinate was marketed in several trade names according to its 
formulations. These names included Basta®, Challenge®, Finale®, Harvest®, Ignite®, 
Liberty®, Rely®, Remove® and to date, Bayer CropSciences is a major producer of 
glufosinate (Bayer CropScience, undated; Meriel, 2008).  
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Figure 1.3 Structure of phosphinothricin A) D,L- phosphinothricin  (D,L-PPT) (Hoerlein, 
1994), B) L-phosphinothricin (L-PPT) (Duke et al., 2010), C) bialaphos  (Metcalf & van der 
Donk, 2009), D) phosalacine (Hoerlein, 1994) and E) L-glutamic acid 
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1.5.3.2 Mode of action 
 
Glufosinate is classified based on its mode of action into herbicide group 10 according to a 
classification system proposed by Weed Science Society of America (WSSA) (WSSA, 2020). 
In addition, it is also known as herbicide group N particularly in Australia (CropLife 
Australia, 2016).The primary target of the active ingredient, L-PPT is to inhibit glutamine 
synthetase (GS), a key enzyme in nitrogen metabolism. As L-PPT is an analogue to a 
substrate for GS, glutamate (Fig. 1.3E), it will compete to bind to an enzyme active site 
(Manderscheid & Wild, 1986). Although there are two isoforms of GS in higher plants: a 
cytosolic GS1 and a chloroplastic GS2, both are severely inhibited by L-PPT (Logusch et al., 
1991). As a result of binding L-PPT, GS cannot convert glutamate into glutamine. Inhibition 
of GS will lead to glutamine deprivation, concurrent with the accumulation of a toxic by 
product, ammonia (NH4
+
) (Beriault et al., 1999). Inhibition of the GS will disrupt glutamine 
synthetase/glutamine oxoglutarate aminotransferase (GS/GOGAT) pathway (Fig. 1.4) which 
facilitates NH4
+
 assimilation and thus no amino donor is available to transaminate glyoxylate 
in photorespiration. Glyoxylate was also toxic and its accumulation was expected to inhibit 
Rubisco as well as photosynthesis (Wendler et al., 1990; Wendler et al., 1992). A marked 
increase in NH4
+
 was a unique event following L-PPT treatment (Lacuesta et al., 1989; 
Pornprom et al., 2000) and high accumulation of NH4
+
 was proposed to cause cellular 
damage through several processes such as inhibition of ATP production from photosynthetic 
electron transport, reduction in chlorophyll contents and inhibition of NADPH oxidation in 
mitochondria (Tachibana et al., 1986a).  Consequently, leaf chlorosis and necrosis were 
observed and eventually lead to plant death within 2 weeks (Al-Khatib, 2017). 
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Figure 1.4 Diagram demonstrates the effect of glufosinate to inhibit a key enzyme in nitrogen metabolism, glutamine synthetase (GS). GS 
coupling with glutamine oxoglutarate aminotransferase (GOGAT) form a principal mechanism to incorporate novel ammonia (NH4
+
) into living 
organism, called GS/GOGAT pathway. Inhibition of GS disrupts the pathway and subsequently leads to an accumulation of a phytotoxic 
ammonia. Alternative reactions for biosynthesis and degradation of glutamate (blue colour) are catalyzed by glutamate dehydrogenase (GDH) 
under a low NH4
+
 condition. Diagram modified from (Gunka & Commichau, 2012). 
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The recent findings by Takano et al. (2019) demonstrated that the reactive oxygen species 
(ROS) is a primary factor responsible for plant death in response to glufosinate treatment. A 
very clear evidence highlighting a significant role of ROS was observed from a comparative 
studies between a sensitive old leaves and an insensitive new leaves of Amaranthus palmeri 
when the leaf samples were challenged with 560 g ha
−1
 glufosinate in 2% (w:v) ammonium 
sulfate. After 12 hours of treatment, inhibition of GS activity and NH4
+
 accumulation were 
significantly increased in both old and new leaves. These events were the typical 
consequences generally observed in glufosinate-treated plant tissues which were already 
discussed above. However, only the old leaves (sensitive to glufosinate) demonstrated a rapid 
glufosinate-induced injury in concurrent with substantial increases in absorption of 
glufosinate, the relative concentrations of ROS (O2
-
 and H2O2) and in a degree of membrane 
lipid peroxidation [determined from the increasing malondialdehyde (MDA)]. In contrast, the 
insensitive new leaves showed negligible alterations in the respective absorption, ROS and 
MDA levels. The discrepancies in the glufosinate responses between the old and new leaves 
(combined with other supportive evidence discovered in this study) led the authors to 
hypothesize that the severe injury induced by glufosinate is primarily associated with the 
massive production of ROS which subsequently triggers the catastrophic lipid peroxidation of 
the cell membranes, and that ultimately results in the rapid cell death (Takano et al., 2019).  
 
The same authors (Takano et al., 2019) also integrated the new role of ROS accumulation to a 
well-established role of NH4
+
 accumulation of which its potent phytotoxicity has long been 
illustrated as a primary cause plant death. In their newly proposed model, ROS production 
and the following MDA accumulation occurs promptly at the onset of the glufosinate 
response in planta, resulting in the rapid cell death and visual injury, when NH4
+
 is 
accumulated slightly slower than that of ROS and therefore accumulation of NH4
+
 is viewed 
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as a secondary effect of GS inhibition. This subsequent effect of NH4+ is speculated to only 
results in a long term toxic effects on plants. According to this new mechanistic model, the 
origin of ROS production in response to glufosinate treatment is still unclear. Interestingly, 
the results showed that massive ROS production is only observed in the presence of light but 
not in the darkness following 560 g ha
−1
 glufosinate treatment (Takano et al., 2019). Based on 
these observations, chloroplasts and peroxisomes are proposed by Takano and co-workers as 
the potential candidates to be the major sources of ROS production here because both 
organelles are natural sources of ROS production related to the light-dependent pathways: 
photosynthesis and photorespiration, respectively. Therefore, elucidating the source of ROS 
production is inevitably needed prior to establish the new mechanistic model to become a 
mainstream concept to explain the cascade of events that lead to glufosinate-induced rapid 
injury. 
 
1.5.3.3 Glufosinate degradation and its derivatives 
 
In plants, after glufosinate is absorbed into the target plant tissues, it will degrade to form 
new derivative metabolites. Four stable breakdown products were identified including: 4-
methyl-phosphinico-2-oxo-butanoic-acid (PPO), 3-methylphosphinico-propionic acid (MPP), 
4-methylphosphinico-2-hydroxy-butanoic acid (MHB) and 4-hydroxymethylphosphinyl-
butanoic acid (MPB) (Droge-Laser et al., 1994; Komoûa & Sandermann, 1992; Muller et al., 
2001). The pathway to describe the degradation of glufosinate (Fig. 1.5) begins when 
glufosinate is deaminated to PPO, which is relatively less stable than the other 2 subsequent 
breakdown products because it is either a) rapidly deaminated and decarboxylated to yield 
MPP and CO2, respectively or b) reduced to MHB or MPB in dicotyledonous or 
monocotyledonous plants, respectively. Both MPP and MHB were found to mobilize to the 
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Figure 1.5 Schematic diagram of glufosinate (also known as D,L-phosphinothricin) degradation. Modified from Droge-Laser et al. (1994) and 
Kleter et al. (2011). NB: PAT = phosphinothricin acetyltransferase, PPO = 4-methyl-phosphinico-2-oxo-butanoic-acid (PPO), MPP = 3-
methylphosphinico-propionic acid, MHB = 4-methylphosphinico-2-hydroxy-butanoic acid, and MPB = 4-hydroxymethylphosphinyl-butanoic 
acid. 
MPP 
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upper part of the plants, presumably through the transpiration stream (Droge-Laser et al., 
1994). In addition to the above pathway, MPP could be decarboxylated to produce the final 
2-methylphosphinico-ethanoic acid (MPE) by soil microbes (Behrendt et al., 1990). In 
genetically modified plants showing glufosinate-resistance, glufosinate is detoxified to a 
major product called N-acetyl L-glufosinate (NAG) which has long been known as N-acetyl- 
phosphinothricin (Droge-Laser et al., 1994; Muller et al., 2001) 
 
1.5.3.4 Metabolite profiling of glufosinate treated plants 
 
Metabolomics has been applied to better understand metabolic alterations in glyphosate 
treated plants. The knowledge gained from the metabolite profile may be useful to connect 
glufosinate-induced inhibition of the GS/GOGAT pathway to the physiological responses. By 
using the GC-MS based metabolomics, Trenkamp et al. (2009) focused their investigation on 
a kinetic of a short-term response of the model plant, A. thaliana to glufosinate. Leaf extracts 
were comprehensively analyzed by GC-MS at 1, 3, 6, 12 and 24 hours after a single 
glufosinate spray. The metabolite profile identified a total 53 metabolites and revealed 
considerable metabolic changes in glufosinate-treated plants compared to the untreated 
controlled samples. The most pronounced glufosinate effect was observed for a marked 
accumulation of 2-oxoglutaric acid in a time-dependent manner after 1, 3, 6 , 12 and 24 hours 
of glyphosate treatments by showing 1.2, 2.2, 4.0, 22.4 to 94.1 fold increases in the relative 
concentrations, respectively. As this compound is a substrate for the GS/GOGAT pathway 
(Fig. 1.4), accumulation of 2-oxoglutaric acid after GS is inhibited by glufosinate is not 
surprising. These results suggested that untargeted analysis by metabolomics corresponded 
well with the targeted analysis reported in previous literatures as both methods recognized a 
marked glufosinate effect on the same metabolic pathway. In addition, the authors (Trenkamp 
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et al., 2009) detected substantial accumulation in four other compounds: succinic acid, citric 
acid, the branched chain amino acid leucine and the aromatic amino acid phenylalanine after 
glufosinate exposure. For other amino acids, the effects of glufosinate on the relative 
concentrations were variable. Most amino acids [aspartate, β-alanine, γ-aminobutyric acid 
(GABA), lysine and other members of the branch chain amino acids (isoleucine and valine) 
and aromatic amino acids (tyrosine and tryptophan)] showed an increase in the relative 
concentrations whereas some amino acids were significantly decreased (serine and glycine, 
putrescence and 5-oxoproline). Other classes of compounds exhibited an increase in the 
relative concentrations including fatty acids, citramalic acid, intermediate of ascorbate 
metabolism, and urea. Because the intermediates in TCA cycle: 2-oxoglutaric acid, succinic 
acid and citric acid were substantially increased, it seemed to suggest that glufosinate affected 
plants by up-regulating the primary metabolisms, leading to biosynthesis of several classes of 
compound. PCA distinguished metabolite profile of glufosinate-treated leaves from those 
treated with other herbicides (sulcotrione, AE 944, foramsulfuron, benfuresate and 
glyphosate) on PC3. Further analyses of glufosinate effects was conducted using Independent 
Component Analysis (ICA) which is more suitable to analyze the time-series dataset. 
Similarly, ICA not only differentiate metabolome of the glufosinate-treated plants from the 
untreated controlled samples, but also those treated with other herbicides on the independent 
component 2 (IC2) at 24 hours after treatment. The authors (Trenkamp et al., 2009) 
recommended that applying metabolomics analysis to a time dependent strategy (based on a 
serial sampling after herbicidal treatments) would result in a rapid identification of herbicidal 
mode of actions.  
 
 
Chapter 1 
46 
 
1.6. Herbicide resistant (HR) plants 
 
1.6.1 Introduction 
 
Since 1996 several HR crops have been developed and commercialized worldwide to reduce 
labor and costs of a weeding program as well as to increase the amount and quality of crop 
production (Green, 2018). Generally, there are two methods to create HR crops. The first 
method is a conventional breeding program based on natural genetic diversity which requires 
extensive time and labor for cross-breeding different varieties of the same plant species. (see 
review by Green, 2012). The second method termed transgenesis, uses an advanced 
biotechnology to extract the desirable genes from distantly related organisms and then 
incorporate them into the host genome to exert HR traits (Beckie & Hall, 2014). Some of HR 
crops reported in literatures were summarized in Table 1.1. 
 
The major risk of HR crops and other GM crops that causes concerns to the public is gene 
transfer through cross pollination from HR crops to their wild relatives, which could diminish 
biodiversity, reduce future food production and create legal disputes over unintentional 
resistant plants (Madsen & Streibig, 2003). This concern led to a ten year study to determine 
the risk of several GM crops (oilseed rape, potatoes, corn, and sugar beet) to become 
prevalent in a natural habitat. However, the results indicated no additional risk (compared to 
their isogenic comparators) which may arise from GM crops or their traits to cause 
invasiveness and persistence to agriculture soil as well as to the environment (see review by 
ISAAA, 2013b).  
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Table 1.1 Lists of herbicide resistant (HR) crops and the detailed of their resistant genes. Most data obtained from Darmency (2013) and van 
Deynze et al. (2004).  
Crop Herbicide Resistant genes Method of 
modification 
References 
Alfalfa Glyphosate EPSP Genetic engineering Reddy and Nandula (2012) 
Chicory Imazamox ALS Ser653 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Cotton 
 
Bromoxynil Oxy Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Bromoxynil bxn Genetic engineering Reddy and Nandula (2012) 
Glyphosate cp4 esps Genetic engineering Reddy and Nandula (2012) 
Imazamox ALS Ser653 Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
Maize 
 
2,4-D and aryloxyphenoxy 
propionate 
aad-1 Genetic engineering Wright et al. (2010) 
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Glyphosate Maize EPSPS Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
 Sethoxydim ACCaseIle1781 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Millet Atrazine psba264 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Trifluraline α2-tubulin239 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Sethoxydim ACCaseIle1781 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Opium Poppy Glufosinate bar Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
Pinus radiata Glufosinate bar Genetic engineering Bishop-Hurley et al. (2001) 
Potato Bromoxynil Oxy Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
 Glufosinate bar Genetic engineering (Choi et al., 2007) 
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Rice Glufosinate bar Genetic engineering (Choi et al., 2012) 
Imazamox ALS Gly654 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Rape Bromoxynil Oxy Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
Iazamox ALS Ser653 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Glufosinate bar Genetic engineering Block et al. (1987) 
Glyphosate cp4 esps Genetic engineering Cao et al. (2004) 
Sweet potato Glufosinate bar Genetic engineering Shin et al. (2011) 
Soybean 2,4-D, triclopyr 
and  fluroxypyr 
aad-12 Genetic engineering Wright et al. (2010) 
 Glyphosate cp4 esps Genetic engineering Darmency (2013); van Deynze 
et al. (2004) 
Sugar beet Glyphosate cp4 esps Genetic engineering Reddy and Nandula (2012) 
 Glufosinate pat Genetic engineering Reddy and Nandula (2012) 
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Sugar crane Glufosinate bar Genetic engineering Manickavasagam et al. (2004) 
Sunflower Imazamox ALS Ser653 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
Wheat Imazamox ALS Ser653 Conventional breeding Darmency (2013); van Deynze 
et al. (2004) 
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In agreement with the above notion, Halfhill et al. (2005) showed that the unwanted hybrids 
between transgenic oilseed rape (Brassica napus) and its parental line (Brassica rapa) were 
less fit to survive from the second generation.  A six year study by Katsuta et al. (2015) 
concluded that the feral transgenic Brassica napus and its hybrid would impose limited 
effects on the environment in Japan. Furthermore, it was proposed that gene flow could be 
controlled by harvesting products prior to flowering. This was the case for the HR sugar beet 
(Beta vulgaris) (GMO compass, 2006). Another concern regarding gene flow is outcrossing 
between the HR crops and weed population creating a “superweed” (McGrath & Strasser, 
2012). However, this problem may be prevented by co-insertion of the HR genes with genes 
conferring enhanced containment morphology such as synchronized flowering and  
 
germination, shatter resistance of its pods and dwarfism. Another possible solution is by 
closely linking the HR genes to an RNAi cassette that is designed to suppress the expression 
of other detoxifying genes (e.g. CYP81A6 conferring resistance to a herbicide, bentazon) 
(Zhang et al., 2014). In this particular case, only a single spray of bentazon can eradicate the 
HR crops of interest. By employing several preventative measures, any potential weeds 
arising from HR gene transfer would largely be controlled (see review by Green, 2012). 
Therefore, HR crops are very promising to farmers to meet growing global demands by 
increasing revenue for the agricultural industry. 
 
1.6.2 Creation of transgenic HR plants 
 
1.6.2.1 HR crops 
 
Chapter 1 
52 
 
In this discussion, the focus is on the production of glufosinate-resistant crops because it is 
highly related to this present research project. Substantial numbers of glufosinate-resistant 
plants both commercial and experimental varieties were currently available, using advanced 
genetic engineering techniques. This was achieved by introducing a single gene isolated from 
bacterium into genome of the host plants. There are 2 genes: bar and pat (with 85% 
similarity) which are widely used to transform the glufosinate-resistant crops. Originally, bar 
was obtained from Streptomyces  hygroscopicus, the same microorganism that produced the 
herbicidal tripeptide, Bialaphos (Thompson et al., 1987). On the other hand, pat was later 
discovered and isolated from S. viridochromogenes TÜ494 (Strauch et al., 1988). It is 
understandable that the bacteria which produced antibiotics would develop a mechanism to 
protect themselves from their toxic products. In this case, both bar and pat expression will 
lead to a production of a detoxifying enzyme, phosphinothricin-N-acetyltransferase (PAT) 
that functions to acetylate L-glufosinate. Hence, the herbicide structure is altered and unable 
to inhibit glutamine synthetase (GS) (Droge-Laser et al., 1994). The PAT produced from both 
bar and pat is highly specific to L-PPT and is able to confer effective resistance to the 
transgenic plants. Because of a slight difference in their sequence, the properties of PAT 
produced from pat were more thermo-stable than that from bar (Vinnemeier et al., 1995).  
 
Although bar was originally obtained from the gram positive Streptomyces spp., this gene 
was also found in the gram negative bacteria such as Alcaligenes spp., Agrobacterium spp., 
Pseudomonas spp. and Rhodococcus spp. etc. However, the encoding region of the latter type 
of bar has only 30% identity to those from Streptomyces spp., but, surprisingly, this bar still 
confers effective resistant traits to the GM plants (Mayer et al., 2004).   Moreover, there has 
been a report of a synthetic bar which specifically designed to express in tobacco chloroplast 
but still enabled the GM plants to tolerate glufosinate spraying trials in a glasshouse. The 
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purpose of this plastid bar expression was to contain the transgene in the green plant tissues, 
preventing the gene to escape to weed populations through pollination (Lutz et al., 2001). 
 
There has been two major methods to transfer bar or pat to designated plants. The first 
method used a classical Agrobacterium-mediated method. This method relied on a virulent 
class of plasmid, Ti-plasmid, inside the Agrobacterium to carry bar at its special position 
called T-region to transfect plant cells. Once inside the plants, bar then incorporates into the 
plant genome, offering high opportunity to express (Gelvin, 2003). Examples of HR crops 
successfully transformed by this method were carrot, ginseng, maize, sweet potato, sugar 
crane, soy bean, tobacco, tomato (Block et al., 1987; Choi et al., 2007; Choi et al., 2003; 
Droge et al., 1992; Liu et al., 2014; Manickavasagam et al., 2004; Peterson, 2009). The 
second method intended to transfer a piece of bar as a naked DNA using a biolistic process 
(i.e. particle bombardment). In short, a piece of gold particle coated with DNA was directly 
transferred by shooting to plant calluses, allowing DNA to incorporate into plant genome at a 
random position. This method proved to be successful in transforming most of 
monocotyledonous plants such as bahiagrass, maize, oat, rice, wheat etc. (Cai et al., 2014; 
Gondo et al., 2005; Kaur et al., 2005; Tsaftaris et al., 1997). The advantage of the latter 
method was to overcome host-range limitation by the first method, however, the disadvantage 
of the latter method is that the inserted genes were integrated in the genome as multiple 
copies (or tandem) and that risk silencing the expression of inserted genes (Gelvin, 2003). 
 
1.6.2.2 HR turfgrasses 
 
Although a certification protocol has been implemented in the turfgrass industry to ensure 
high quality turf so that commercial turf is free from pests and noxious weeds, infestations 
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are still prominent, causing serious impacts to both economically and aesthetically (Brosnan 
& Breeden, 2013). Weed infestation in turfgrass has been estimated to result in an economic 
loss worth USD 235 million in the USA alone. Herbicides have therefore become crucial in 
controlling weeds on golf courses, athletic fields, sod production fields, residential and 
commercial lawns (Brosnan & Breeden, 2013). Following the successful strategy adopted in 
HR crops, HR turfgrass cultivars are expected to enhance the effectiveness of the herbicide 
used in the weeding program by excluding all weeds from the turf lawn at a lower cost and 
reduced volume of herbicide applied. Glyphosate and glufosinate are two broad spectrum or 
non-selective herbicides that received attention in HR turfgrass due to their relatively low 
toxicities and minimal application rate compared to other herbicides. The HR turfgrass 
together with their associated herbicides provides a promising opportunity to the users to 
improve turfgrass quality because there is less nuisance weeds to disrupt turf uniformity and 
to compete for soil nutrition (Johnson & Riordan, 1999). 
 
The development of HR turfgrass species is far more difficult than that of crops for several 
reasons. Firstly, knowledge about the genetics and physiology of turfgrass is still limited 
compared to well-established crop plants. Such limitations is caused by complex genetic 
traits in several turfgrass species which showed polyploid, perennial, and outcrossing 
characteristics as commonly found in many turfgrass species (Casler & Duncan, 2003). 
Secondly, the difference in cropping systems between crops and turfgrass ecosystems may be 
problematic to HR turfgrass.  Generally, the cultivating system of crops involves annual 
growing and harvesting cycles but turfgrass is perennial therefore its cropping system spans 
several years. Repeated applications of the respective herbicides on the same turf over an 
extended period of time are likely to escalate the speed of evolution, creating a resistant weed 
biotype. Therefore, it is inadequate to develop commercial HR turfgrass species by directly 
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following a lesson learnt from HR crops. Hence, the development and utilization of HR 
turfgrass must be conducted with a greater consideration.  
 
Despite many challenges, transgenic biotechnologies have been applied to turfgrass species to 
confer resistance to several herbicides. Examples of these transformed turfgrass include 
glyphosate-resistant Kentucky bluegrass (Lee et al., 2002) and creeping bentgrass (ISAAA, 
2013a), glufosinate-resistant creeping bentgrass (Hartman et al., 1994), bahaigrass (Smith et 
al., 2002) and zoysiagrass (Toyama et al., 2003), ALS-inhibiting herbicide-resistant Tall 
fescue (Sato et al., 2009) and ACCase-inhibiting herbicide-resistant creeping bentgrass 
(Heckart et al., 2016). Among them, studies on glyphosate-resistant Kentucky bluegrass 
(Blume et al., 2010; Harriman et al., 2015; Wang et al., 2006) and glufosinate-resistant 
creeping bentgrass were extensively reported (Lee et al., 2011; Liu et al., 1998; Luo et al., 
2004; Y. Wang et al., 2003). Moreover, their commercialization is very promising. For 
instance, varieties of glyphosate-resistant Kentucky bluegrass were scheduled for field trials 
in 2012 (Shanks, 2012) after they were not defined as plant pests by United States 
Department of Agriculture-Animal Plant Health Inspection Service (USDA-APHIS) 
(Gregoire, 2011). In case of HR creeping bentgrass, its potential deregulation and 
commercialization led USDA-APHIS to officially request the Weed Science Society of 
America (WSSA) to determine the weed management implications for this particular HR 
turfgrass. Based on a comprehensive literature review and field surveys, WSSA concluded 
that deregulation and release of the HR creeping bentgrass was unlikely to pose additional 
risks as agricultural weed in USA and thus, no recommendation for a new weed management 
was considered (Banks et al., 2003). 
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1.6.3 Metabolomics analysis of HR crops 
 
1.6.3.1 Case studies of glyphosate-resistant crops 
 
Metabolomics has recently been employed to evaluate the „substantial equivalence‟ of the 
GM plants because of the need to overcome a potential bias observed in a classical 
compositional analysis which only aims to evaluate a set of nutrients, anti-nutrients, toxin and 
allergen produced in the GM plants in comparison to conventional cultivars. Because 
metabolomics offers a comprehensive analysis of all possible metabolites, it will widen a 
detection range to cover any questionable chemical components that may not be identified in 
the previous compositional analysis. HR crops have been intensively studied using multiple 
analytical platforms to obtain very comprehensive metabolite profile. Subsequently, data are 
analyzed by both simple and advanced statistics to distinguish plants into different classes 
based on numbers and abundance of unique metabolites. By doing this, unintended effects 
resulted from the inserted genes should be recognized. Soybean and maize are the most 
studied HR crops, presumably because they are major sources of food and feed as well as 
have a long history of breeding programs and of commercial release (Barros et al., 2010; 
Clarke et al., 2013; Frank et al., 2012; Garcia-Villalba et al., 2008; Jimenez et al., 2009; 
Kusano et al., 2014). In one study (Kusano et al., 2014), metabolomics of nine soybean 
cultivars (three glyphosate-resistant lines and six conventional lines) were compared to 
demonstrate the improvement traits resulted from of a 35 year breeding program. Combined 
data from four analytical platforms (CE, GC and 2 LC-MS) identified a total 681 metabolites 
from all 9 soybean lines and that accounted for 34% of total registered metabolites in a 
SoyCyc database. By visual discrimination, the outcome from Orthogonal Projection To 
Latent Structures-Discriminant Analysis (OPLS-DA), soybean lines were predominantly 
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clustered into two separate groups either based on the growing locations or variety releasing 
date. On the other hand, a difference between the conventional and glyphosate-resistant lines 
was also observed but relatively small compared to more obvious variations across all tested 
lines. In another studies, a GM soybean resistance to triketone herbicide was compared with 
another 49 conventional lines in order to uncover metabolic differences caused by transgenic 
events (Clarke et al., 2013). A comparison of the GM line, the parent Jack and 48 other 
conventional lines showed these two lines were most similar. When compared the GM and 
Jack lines to the mean values averaged across all 49 conventional lines, the similarity 
between these 2 cultivars was still noticed. This similarity was also confirmed by a similar 
pattern of p-value distribution calculated from degrees of significant difference between the 
GM lines and other 48 conventional lines (except Jack) and between Jack and the rest of the 
conventional lines. Clark and co-workers concluded that the GM soybean neither showed 
significant deviation in metabolites profile to its parent line nor to other conventional lines 
(Clarke et al., 2013). However, it was clear that the GM soybean had six unexpected 
metabolites (adenosine-5‘-monophosphate, myo-inositol-hexakisphosphate, α-ketoglutaric 
acid, spermidine, homoserine and citramalic acid) which were significantly different from the 
other 48 conventional lines whereas this difference was not observed between Jack and other 
conventional lines. This is a good example of unintended effects that might not be detected 
by classical compositional analysis, but can be identified by platforms such as metabolomics. 
 
For the HR crops with a C4 mode of photosynthesis, glyphosate-resistant maize is the most 
extensively studied. Several approaches have been applied to this crop including; physiology, 
component analysis, genomics, transcriptomics, proteomics and metabolomics. As a 
particular interest of this thesis is on metabolomics, examples of the metabolomics studies 
will be discussed. Barros et al. (2010) grew glyphosate-resistant maize alongside its 
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respective control line in the same location from 2004-2006 in order to investigate the effects 
of environmental variation and genotypic difference on the GC-MS based metabolite profiles. 
A dramatic variation in metabolites concentrations was clearly observed between different 
growing seasons. It has been reported that fatty acids and minor lipids were lower in 2005 
compared to other two growing seasons. In contrast, amino acids were highest in 2005. 
Although considerable variability from environmental factors (locations and seasons) was 
included in the analysis, PCA was still able to distinguish differences between the 
glyphosate-resistant line and its control comparator in the third principal component [PC3 
(15.5% of total variance)]. A simple one-way ANOVA showed that the levels of γ-tocopherol 
and inositol were significantly lower in the glyphosate-resistant maize compared to the 
control. In another study (Frank et al., 2012), both GM and non-GM lines were grown in two 
different locations: Lichtenburg and Petit and continued for 3 cropping seasons from 2004-
2006. In this study, PCA scores plot constructed from GC-MS based metabolomics 
distinguished the glyphosate-resistant line (GM) from its near isogenic comparator (non-
GM). This apparent distinction between the GM and non-GM lines was first observed from 
the experiment at Lichtenburg in 2004 (the only experiment conducted at this site) and again 
at Petit in 2005 and 2006. One-way ANOVA discovered significant decreases in three 
identified metabolites (inositol sorbitol and γ-tocopherol) but significant increases in two 
metabolites (citric acid and asparagine). Interestingly an unidentified polar metabolite 
(code:FIII28_53) was completely undetected in the GM maize. 
 
1.6.3.2 Case studies of glufosinate-resistant crops 
 
To the best of my knowledge, there has been no detailed metabolite profile obtained from 
glufosinate-resistant turfgrasses. An example that may be informative was an untargeted 
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metabolomics analysis of a carotenoid-biofortified rice using GC-TOF-MS (Kim et al., 
2013). This rice contained the bar gene as the only selectable marker. The analysis identified 
a total of 52 metabolites but no detail of the abundance was provided. PCA revealed a close 
clustering between the transgenic rice and its conventional parent cultivar according to the 
score plot on the two highest-ranking principal components (PC1 and PC2 accounted for 
61.2% of the total variance). Instead, it was a difference among conventional cultivars that 
clearly discriminated on the PC1 (43.9% of total variance) into 2 distinct groups: red 
pigmented and non-pigmented rice. The authors concluded that the transgenic rice was 
„substantially equivalent‘ to the respective comparator and most variation was observed 
among the conventional cultivars with different phenotypes. The authors also recommended 
metabolomics as a potential tool for the evaluation of changes in transgenic crops.  
 
Furthermore, interesting results emerged when this transgenic rice was treated with a single 
spray of glufosinate ammonium (108 g ai ha
-1
) (Kim et al., 2013). A compositional analysis 
showed a significant down-regulation in arginine (amino acid) and niacin (VitaminB3) but 
up- regulation in arachidic acid (C20:0) compared to its conventional comparator. A marked 
decreased in arginine was expected because glufosinate inhibited the enzyme GS and 
therefore a synthesis of subsequent amino acids; glutamine, glutamate and arginine are 
affected. This result indicated that although the transgenic rice was protected by the bar gene 
product (PAT) at some degrees, the effects of glufosinate treatment still manifested in the 
metabolite profile, emphasizing a superb sensitivity and usefulness of metabolomics in the 
herbicide research. Up-regulation in arachidic (C20:0) in response to glufosinate treatment 
confirmed its involvement in the stress response in the transgenic plants carrying the bar 
gene. For niacin, it is a precursor of a coenzyme nicotinamide adenine dinucleotide (NAD) 
and nicotinamide adenine dinucleotide phosphate (NADP). These coenzymes are crucial to 
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regulate a redox state in living organisms. Niacin itself also demonstrated antioxidant 
properties in animal defense mechanisms and was reported to be significantly up-regulate in 
maize under heat stress (Mahmood et al., 2012). The significant decreased in niacin but 
constant levels of other vitamins in the transgenic rice probably suggested alternative 
antioxidant mechanisms other than vitamins to scavenge oxidative stress (if any) arising from 
glufosinate treatment. 
 
Whilst there are limited examples of metabolomics of glufosinate-resistant plants, data 
reported from comparative analysis of nutritional composition between glufosinate-tolerant 
crops and their respective conventional cultivars may prove insightful. In one study, the 
amino acid profile of two glufosinate-tolerant rice varieties, Iksan483 and Milyang204 both 
expressing the bar gene showed a lower abundance in every amino acid in Iksan483 grains 
compared to its respective conventional variety (Anjung). However, the study found a 
similarity in a majority of amino acids between Milyang204 and its conventional comparator 
(Dongjin) (Choi et al., 2012). A more pronounce effect observed on the amino acid profile in 
Iksan483 relatively to Milyang204 may be due to different numbers of inserted gene copies. 
Iksan483 has been reported to carry a multiple copies of the bar gene on numerous locations 
in chromosomes 4–8, and 12 whereas the transgenic gene was identified at only one insertion 
site on chromosome 10 in Milyang204 (RDA, 2007 cited in Choi et al., 2012).  
 
A total of eleven fatty acids were identified in Iksan483 and Milyang204 grains and only 
three fatty acids were significantly different between the transgenic rice and their respective 
comparators. Both Iksan483 and Milyang204 grains showed a significant increase in myristic 
acid (C14:0). However, an unsaturated fatty acid C16:1 was significantly increased in 
Iksan483 but significantly decreased in Milyang204. In additional, a significant reduction in 
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arachidic acid (C20:0) was only observed in Milyang204 (Choi et al., 2012). A discrepancy 
in the results between Iksan483 (multiple insertions) and Milyang204 (a single site insertion) 
was likely a result of different numbers of the insertion sites and copy numbers of the 
transgene as discussed above. The more copies of inserted genes, the less alteration in fatty 
acid compositions. This result was very counterintuitive but the possible explanation may be 
relied on a potential of transgene silencing phenomenon which usually observed in the 
multiple transgene integration events. In this particular study, the biosynthesis of fatty acids 
became perturbed by the transgene silencing with unidentified reasons. In agreement with 
this assumption, a similarity between fatty acid profiles from a glufosinate-resistant rice 
grain, BAR-68-1 and its respective conventional comparator, D68 was reported (Xin et al., 
2008). In their studies, the BAR-68-1 was transformed by the particle bombardment 
technique (Xin et al., 2008) and, therefore, it was expected to integrate multiple copies of the 
bar gene in several locations in their genome similar to the event occurred in the Iksan483. 
Both groups of authors reached the same conclusion that expression of the bar gene did not 
cause unacceptable alteration in the fatty acid, and the transgenic rice was regarded as safe to 
the consumers (Choi et al., 2012; Xin et al., 2008).  
 
All the above studies in HR crops (both glyphosate and glufosinate-resistances) reached the 
same conclusion that metabolite profiles of the HR crops varied qualitatively and 
quantitatively within an acceptable boundary of natural variation observed in conventional 
cultivars and, therefore, the HR crops were declared equivalent to their conventional 
comparators. However, it is worth noting that all of the above investigations also reported a 
significant difference in some unexpected metabolites between the HR crops and their 
conventional counterparts. In other words, the introduced gene did not cause unacceptable 
differences between the HR crops and the conventional cultivars with a history of safe use, 
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but it was very likely to be accompanied by unpredicted consequences that appeared 
unrelated to the mechanism used to generate the intended HR phenotype. 
Several turfgrasses have been genetically modified to tolerate herbicides in order to simplify 
weeding programs in turf lawns. Because many of them were created by similar techniques as 
HR crops, comparable alterations in terms of metabolism were speculated. As turfgrasses are 
not edible, the aim to study them focusing on a „substantial equivalence‟ to screen the 
potential harmful components to consumers may be not relevant here. Instead, any 
unanticipated changes probably arising from transformation events may be worth our 
consideration because this knowledge would benefit stakeholders before HR turfgrass species 
are permitted for commercial release. Understanding the metabolic changes may enable the 
design preventable measures to deal unforeseen incidents (if any) in the future. However, the 
HR turfgrasses have never been a subject of investigation either with classical approaches 
such as physiology and targeted compositional analysis or with novel ‗omics‘ technologies. 
The lack of knowledge in unintended effect of HR turfgrasses will lead to a skeptical 
perception among the public toward them.  
 
1.7. Future perspectives 
 
Beneficial contributions of turfgrasses to human and our environment are undoubtedly very 
significant.  In one hand, it beautifies our parks and landscapes which result in improvement 
of the physical and mental health of people and in enhancement the property values. On the 
other hand, turfgrasses provide a very simple and effective environmental conservation by 
purifying and protecting our water, soil and air. The modern turfgrass industry has grown 
rapidly in the past few decades to become a $40 billion dollar business (Beard & Green, 
1994) and it is estimated that turfgrass is the largest irrigated monocropping system compared 
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to other agricultural cultivation in the USA (Wile, 2015).  Despite having demonstrated great 
importance to us, turfgrass management has been accused of adversely affecting the 
environment because it utilizes excessive water, chemicals, labour and budget in order to 
maintain high aesthetic quality of the turf lawn. Although Beard and Green (1994) argued 
that many allegations based on speculative pseudo-scientific information because several 
lines of evidence suggested otherwise, the debate still continue in the general media.  In 
response to the public concern, the new varieties of turf species should be developed to 
improve water use efficiency and insect and disease resistance so that less amount of water 
and pesticide will be used. Fortunately, a focus of a privately-funded research in the turfgrass 
industry is aiming at creation of a new stress resistance cultivars (drought, pest, low N etc.) 
(National Turfgrass Federation, n.d.). The outcome will not only facilitate easy establishment 
of the new turfgrass cultivars under a challenge of the global climate change but also reduce 
an input into the turfgrass management. This future research will partly provide the answers 
to the above allegations and support the turfgrass industry in a sustainable fashion. 
 
The modern biotechnology brought about several molecular techniques to accelerate the 
selection and breeding processes in the development of the new elite varieties. As a matter of 
fact, this technology has been successful in transforming several annual crops such as maize, 
soybean, rice (Beckie & Hall, 2014) to withstand abiotic and biotic stresses, and consequently 
extended to perennial turfgrass species. Transgenesis is an excellent workhorse to confer 
several desirable traits into target plants. This approach is achieved by introduction the gene 
encoding the traits of interest from other organisms (Rao, 2015). However, the public 
perception toward this technique is negative because it is against the law of nature to combine 
genetic materials among distantly related organisms and that may result in unpredictable 
adverse consequences such as effects on non-target organisms or soil ecosystems, toxicity or 
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a possible allergy risk. To address the public concern, other molecular transformations have 
been proposed. Intragenesis and cisgenesis (Cardi, 2016) are based on the introduction of one 
or more genes that are obtained from the target species itself or species that are sexually 
compatible with the target species. In particular for cisgenesis, it requires the entire gene with 
its own regulatory sequences (gene of interest together with its native promoter and 
terminator) in sense orientation to be transferred (Mohanta et al., 2017). Therefore, both 
approaches exploited the gene pool that already presented in the species or in a sexually 
compatible relative for centuries. This is similar to the strategy employed by conventional 
breeding in order to induce genetic variation. As a result, intragenic, cisgenic plants should 
carry relatively low risk compared to the transgenic plants or if there are additional risks 
emerged, they are unlikely to be higher than that generated by conventional breeding. Hence, 
the above mentioned molecular techniques will provide promising tools for the future 
turfgrass research.    
 
Until now, the only transformed turfgrass species which was undergone the field testing, is a 
herbicide resistant (HR) creeping bentgrass (Agrostis stolonifera L.). It is a transgenic grasses 
developed by introducing the cp4 epsps gene which allows them to resist glyphosate, the 
active ingredient in RoundUp herbicide. In 2002, around 162 ha of transgenic HR creeping 
bentgrass was planted in a designated control area by the Oregon Department of Agriculture 
(ODA) north of Madras, Oregon, USA (Van de Water et al., 2007). Unfortunately, there was 
an evidence of the transgene releasing into the wild from the test site. A study by Watrud et 
al. (2004) confirmed the transfer of the transgene from HR bentgrass to feral grasses as far as 
14 km. Later, it is clear that gene flow occurred through the wind mediated pollination during 
a hot summer in August 2003. In 2010, unexplained transgene escapee were observed as 
considerable patches of the HR bentgrass were found along irrigation canals in Malheur 
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County (Manning, 2017). In this example, the transgene, cp4 epsp gene, was expected to 
change plant fitness, leading to modification of ecological structure as well as adversely 
affecting the endanger plant species. Surely, better measures to contain the transgene such as 
seed sterility, male sterility, maternal inheritance, and delayed flowering should be seriously 
sought especially in the case of perennial turfgrass or it can become a continuous source of 
transgene flow for several seasons.  
 
Basically, gene flow is a natural event that happens all the time but the introduction of 
foreign gene into plants has brought new attention to this natural process in regard to its 
effects on ecology, economic and legal issues. Brosnan and Breeden (2013) suggested that 
the risk assessment of transgenic plants should be focused on the consequences of transgene 
flow, their safety in the environment and phenotypes of transgenic plants rather than the 
method used to produce them. In response to the last objective, metabolomics will be of 
importance to support the risk assessment research. During the past decade, significant 
developments in high-throughput analytical techniques and in informatics techniques help 
improve this field of research very rapidly. Today several collective database and tool-aided 
functional interpretation of metabolite profiles are freely available making it easier to 
diagnose biological state of particular pathway as a result of environmental perturbation and 
to detect metabolite biomarkers (Kusonmano et al., 2016). For example, a recent LC-MS 
based metabolomics was able to detect significant changes in several classes of metabolites in 
NK603 Roundup-tolerant GM maize although it was previously declared „substantial 
equivalence‟ to its isogenic comparator. The most pronounced effect was observed in 
numerous amines and polyamines following by several compounds related to TCA cycle 
pathway and carbohydrate metabolisms. (Mesnage et al., 2016). Another example was the 
first report on significant accumulation of acetyl-aminoadipate and acetyl-tryptophan in 
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several transgenic plants carrying bar gene as a selectable marker. These two metabolites 
were the unintended products resulting from the function of a detoxifying enzyme, PAT but 
have been produced without notice for few decades (Christ et al., 2017). Hence, today it is 
possible to identify pleotropic effects caused by transgene in more detail and better 
characterizes the molecular phenotype of transgenic turfgrass by using the modern 
metabolomics technology. Although, at the time being, no regulatory authority requires 
compulsory untargeted molecular profiling analysis to be conducted but some have 
acknowledged their potential relevance for food and feed derived from the transgenic crops 
with specific metabolic pathways modified, or in situations where a suitable comparator is 
not available (AHTEG, 2016).        
 
1.8. Scope of the project 
 
In this project, we decided to investigate the HR buffalo grasses (S. secundatum) developed 
here at the Plant Biotechnology Group, RMIT University. These grasses were genetically 
modified to be resistant to a broad spectrum herbicide, glufosinate via the expression of novel 
genes encoding acetyltransferase enzyme which is able to detoxify the herbicide. My recent 
experiment has confirmed that these grasses were able to tolerate glufosinate applications to 
levels well above the recommended application rates. These newly created grasses hold 
significant promise as commercial turfgrass varieties in either home lawn or range land with 
reasonably low maintenance cost. However, their characteristics are still not well understood. 
In addition, their mechanisms of the biology related to these transgenic events need to be 
investigated for possible unintended effect arising from the transgenesis processes which can 
cause public concern.  
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Metabolomics will be performed to determine a global metabolic response of the HR buffalo 
grasses to the respective stress (glufosinate application). The results will not only facilitate 
their molecular characterization but also reveal the possible unintended effects caused by the 
inserted gene. Although similar studies have previously been conducted in some GM crops, it 
should be noted that turfgrass species are different and more difficult to study compared to 
the crop plants because their cropping system (perennial compared to annual growing cycle, 
respectively) and genetic background (many of them are polyploidy and outcrossing) are 
more complex than the crops. Yet, very little information has been reported in regard to their 
genetics, physiology and management although increasing number of turfgrasses species, 
including Agrostis, Festuca, and Lolium, etc. have been transformed to resist disease, stress, 
and herbicides (Johnson & Riordan, 1999). 
 
In addition, integration of the metabolomics with proteomics will be conducted. Proteomics is 
a study of protein composition of a cell or tissue resulting from interaction of the 
environment and cellular gene expression. It has long been used to distinguish the unintended 
effect in several GM crops before the arrival of metabolomics. The proteomics data should 
extend our understanding to better characterize the HR buffalo grasses as well as complement 
the results obtained from metabolomics. Recently, a collective data from metabolite and 
proteome profiling has led Mesnage et al. (2016) to mark the NK603 Roundup-tolerant GM 
maize as non-substantial equivalence compared to the near-isogenic comparator. Their 
conclusion is contrary to many previous literatures which based either on a single omics 
technique or on a classical compositional analysis platform (target the analysis on a subset of 
nutrients). This is an example of how comprehensive multi-omics analysis can provide 
stronger evidence to detect the differences between GM crops and its isogenic counterpart as 
well as to uncover the unintended effect arising from the transformation processes.  
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Chapter 2 
General Methodology 
 
2.1 Plant materials 
 
Four herbicide resistant (HR) buffalo grass varieties: 93-1A 93-2B, 93-3C and 93-5A (Table 
2.1) were genetically engineered to resist a broad-spectrum herbicide, glufosinate. The 
transgenesis was achieved by inserting a pat-like gene obtaining from a soil bacteria 
Alcaligenes faecalis into a genome of the wild type cultivar, WT 9-1B, using a particle 
bombardment technique. Southern blot and PCR (Section 2.6) not only confirmed the 
integration of the pat-like gene but also determined transgene copy numbers and transgene 
expression levels, respectively. 
 
The 4 HR buffalo grasses and 3 wild type cultivars: WT 8-4A, WT 9-1B and WT 9-2B 
(Table 2.1) were multiplied by vegetative propagation. Firstly, 1-2 nodes of stolon‘s attached 
with adventitious roots were cut from the stock plants. Then they were placed into 6.8 x 6.8 x 
9.5 cm pots which were filled with a potting mix (Osmocote professional premium plus, 
Scott™). Due to a limited space in an environmental controlled glasshouse [certification of a 
Physical Containment level 2 (PC2)], only the adequate number of plants was propagated at 
one time, resulted in a batch of plant supply sufficiently to conduct 1 replication of 
experiment. Slow growth and difficulties in vegetative reproduction from buffalo grass stock 
plants led to approximately 1 month interval between 2 successive batches. The newly 
propagated plants were watered with reverse osmosis water every 2 days and supplied with 1 
g L
-1
 of Diamond blue fertilizer [Campbell™ (containing 19% nitrogen, 2.5% phosphorus, 
Chapter 2 
69 
 
Table 2.1 Buffalo grass (Stenotaphrum secundatum L.) varieties 
Varieties Genotype Transformation Response to glufosinate 
WT 8-4A wild type No sensitive 
WT 9-1B wild type No sensitive 
WT 9-2B wild type No sensitive 
93-1A transgenic pat insertion resistant 
93-2B transgenic pat insertion resistant 
93-3C transgenic pat insertion resistant 
93-5A transgenic pat insertion resistant 
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17.1% potassium, 3.1% sulphur, 1.5% magnesium, 0.04% iron, 0.02% manganese, 0.01% 
boron, 0.020% zinc, 0.011% copper and 0.001% molybdenum)] every month. The 8 week-
old freshly potted plants, with approximately 15 leaves were selected for later experiments 
(Sections 2.2 - 2.7).  
 
2.2 Glufosinate treatment  
 
The glufosinate treatments were prescribed by spraying 1, 5, 10 and 15% v:v of glufosinate 
ammonium (Basta®, BASF Australia Ltd), ), using a commercial garden pressure sprayer 
(Aqua Systems 2L, Australia) adjusted to deliver approximately 0.4 mL of glufosinate 
ammonium per plant. Each concentration of glufosinate was applied to three plants grown in 
three different pots. For the control group, a plant was sprayed with 0.4 mL of distilled water, 
instead and the sprays were also repeated on three different plants. The glufosinate induced 
visual injuries were monitored and recorded by photography for later evaluation (Section 
2.3.1).  
 
For the related metabolomics work, the glufosinate treatments were achieved by dipping 
three ‗fully expanded leaves‘ into a 10 cm-long test tubes containing 5% (v:v) of glufosinate 
ammonium (now called apparent distinguishable dose). At this concentration, the wild type 
cultivars were clearly distinguished from HR buffalo grass lines based on the levels of visual 
injuries observed from the spraying test above. For the control group, leaves were treated 
with distilled water filled in the 10 cm-long test tubes. The experiment was biologically 
repeated 3 times with 3 different pots. Subsequently, 6 cm long-leaf strips of both control and 
treated leaves were harvested and immediately placed in a pre-chilled 50 mL Falcon tube 
kept in liquid nitrogen in order to quench enzymatic activities. The samples were temporarily 
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stored in liquid nitrogen which was subsequently stored at -80 
o
C awaiting for omics 
analyses.  
 
2.3 Physiological measurements 
 
2.3.1 Visual injuries evaluation 
 
The herbicide induced injuries were evaluated from photographs by visual rating on a scale of 
0-9 (0 = no injury - 9 = complete leaf desiccation) as presented in (Table 3). The ‗senescence 
score‘ were then averaged for each plant, using Microsoft Excel version 2010.    
 
2.4 Metabolomics 
 
2.4.1 Gas Chromatography-Mass Spectrometry (GC-MS) based metabolomics 
 
2.4.1.1 Sample preparation 
 
The sample preparation was following the previous literature as described by Dias et al. 
(2015). Briefly, leaf samples were harvested after 4-day treatment with glufosinate. The leaf 
strips (Section 2.1) were immediately frozen in liquid nitrogen and subsequently transported 
from the glass house located at La Trobe University, Kingsbury, Australia to lyophilize 
(Alpha 1-2 LDplus, Martin Christ, John Morris Scientific Pty Ltd.) at plant biotechnology 
laboratory, RMIT University, Bundoora, Australia. Approximately 30 mg of freeze-dried 
samples were then extracted in 500 µL of 100% (v:v) methanol with additional of 2% (v:v) of 
2 stable isotopic internal standards (from a stock solution containing 0.5 mg mL
-1
 
13
C6 
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sorbitol and 0.5 mg mL
-1
 
13
C5
15
N5 valine).. The extract was vortexed for 10 sec at room 
temperature, centrifuged for 10 min at 13,000 rpm, and the supernatant was then transferred 
into a fresh 2 mL Eppendorf tube. The remaining pellet was mixed vigorously with 500 μL of 
MilliQ water to obtain the water-based extract, centrifuged for 10 min at 13,000 rpm and the 
supernatant was subsequently pooled with the previous extract (methanol extract). Aliquots 
(25 μL) of the combined supernatants were dried in vacuo (RVC 2-33 CDplus, Martin Christ) 
at 37 
o
C, followed by storing in a desiccator prior to GC-MS analysis.  
 
2.4.1.2 GC-MS Chemical derivatization 
 
All dried samples were derivatized by methoxyamine hydrochloride (MeOX) (30 mg) in 
pyridine (1 mL) for 2 hrs at 37
 o
C to stabilize sugars in straight chain structure. N,O-
bis(trimethylsilyl)trifluoroacetamide (BSTFA) with 1% trimethylchlorosilane (TMCS) was 
added and the mixture derivatized at 37
 o
C for 30 min to increase volatility and thermal 
stability of the analytes.  Derivatized sample (1 µL) was injected into a GC–MS system 
comprising of a Gerstel Autosampler, an Agilent gas chromatograph and an Agilent single-
quadrupole mass spectrometry (MS) with an electron impact (EI) ion source. The GC was 
operated in constant pressure mode with helium as the carrier gas and mannitol as a standard 
for retention time locking (RTL) of the method. A mixture of eight standard alkane 
compounds was also run to correct the RT as a result of instrumental drift. A VF-5MS fused-
silica capillary column (30 m-long with 10 m guard column, 0.25 mm inner diameter, 0.25 
µm film thickness) was used.  The following temperature program was performed; injection 
at 70 
o
C, held for 1 min, followed by a 7 
o
C min
-1
 oven temperature, ramped to 325 
o
C and a 
final 6 min heating at 325 
o
C.  
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2.4.1.3 GC-MS data pre-processing and analysis 
 
Mass spectra were pre-processed by deconvolution using Automated MassSpectral 
Deconvolution and Identification System (AMDIS) software (http://www.amdis.net/). 
Compounds were automatically identified based on a standard library compatible with 
AMDIS. The library search yield putatively annotated compounds that are defined in level 2 
of identification in accordance to the reporting standard introduced by Metabolomics 
Standards Initiative (MSI) (Fiehn et al., 2007; Salek et al., 2013). All identified sugars were 
manually re-checked using the Agilent MassHunter Workstation Software, Qualitative 
Analysis and then all annotated compounds were manually quantified using Agilent 
MassHunter Workstation Software, Quantitative Analysis (www.agilent.com/en/products/ 
software-informatics/masshuntersuite). The relative concentrations were calculated by taking 
unique ion area of each metabolite to normalize against sample fresh weight and internal 
standard and the results were then used to compute the relative fold change and any statistical 
tests. Data differences between the samples between the samples were tested by univariate 
statistics [student‘s t-test with Bonferroni correction method to correct significant levels (p-
value)], using Microsoft Excel 2010. Multivariate statistics including Principal Component 
Analysis (PCA) and heat map were performed by an open-source tool ‗Metaboanalysts 3.0‘ 
(http://www.metaboanalyst.ca). The coordinated impact of compounds with different 
abundance as result of the pat insertion and glufosinate application was assessed by Pathway 
analysis tools available in Metaboanalysts 3.0. The analysis was conducted according to the 
knowledge derived from Oryza sativa because information of buffalo grasses was not present 
in Metaboanalyst database. All of these compounds were finally mapped into predefined 
metabolic pathways, using visualization analysis software, VANTED (https://immersive-
analytics.infotech.monash.edu/vanted/).  
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2.4.2 High Resolution-Liquid Chromatography-Mass Spectrometry (HR-LC-MS) based 
metabolomics 
 
2.4.2.1 HR-LC-MS instrument details 
 
The remaining methanol:water extracts used in GC-MS analysis (Section 2.4.1.1) were 
subjected to High Resolution-Liquid Chromatography-Mass Spectrometry (HR-LC-MS) 
untargeted profiling with slight modification as previously described by Turner et al. (2016).  
Chromatographic separation was achieved using a Hypersil GOLD™ C18 Selectivity 
Column (150 x 2.1 mm, 1.9 µm, Thermo Fisher Scientific Inc.) on an Agilent 1290 UHPLC 
system equipped with degasser, binary pump, temperature controlled autosampler, column 
compartment, and UV DAD. Agilent OpenLab software (v2.1.0.433) was used for instrument 
control, data acquisition and data processing. The mobile phase was composed of 
acetonitrile/MilliQ water (60:40, v:v) containing 10 mM ammonium formate (phase A) and 
acetonitrile/isopropanol (10:90, v:v) containing 10 mM ammonium formate (phase B). A 
linear gradient elution was ramped from 40–80% B over 20 min at a flow rate of 0.6 mL/min. 
The injection volume was 5 µL. All compounds present in samples were detected by Linear 
Trap Quadrupole [(LTQ-Orbitrap MS), Thermo Fisher Scientific Inc.]. Electrospray 
ionization (ESI) was performed at both negative and positive Fourier Transform (FT) modes. 
Full MS scans were acquired in the Orbitrap Fourier Transform (FT) mass analyzer over a 
normal range of 300–2000 m/z with 60,000 resolutions in a profile mode. Further 
fragmentation of precursor ions was conducted to generate MS/MS
 
spectra. Fragmentation 
was achieved by a method called ‗Collision-Induced Dissociation (CID)‘ in the linear ion 
trap-mass spectrometry (IT-MS) at normalized collision energy of 35 arbitrary units, 
activation Q of 0.25, and activation time of 10 msec. The MS/MS spectra was used for 
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structural elucidations of each metabolite/adduct based on both retention time and accurate 
mass (±5 ppm). 
 
2.4.2.2 HR-LC-MS data pre-processing and analysis 
 
Data was pre-processed, using 2 softwares. The first screening of the mass spectra was 
initially processed by using a simple tool available at XCMS online 
(https://xcmsonline.scripps.edu). The raw MS and MS/MS files were uploaded to the online 
storage and then data was processed according to the default setting for UPLC/Q-exactive 
with slight modification. The parameter setup was as following: 1) Peak detection including 
minimum and maximum peak width = 2 and 10, respectively, signal to noise ratio = 6, pre-
filter peak = 3 and pre-filter intensity = 100; 2) Retention time correction = obiwarp method; 
3) Alignment allowing width of overlapping m/z slices = 0.025; 4) Annotation = search for 
both isotopic features and adducts formations (dimers, trimers, neutral losses, etc.) and error 
= 5 ppm; 5) Identification including tolerance for m/z database search = 15, pathway 
deviation = 5 ppm and sample biosource = Setaria italica; 6) Visualization set EIC width = 
100 sec and 7) Statistic = paired parametric t-test, p-value and fold change threshold = 0.01 
and 1.5, respectively. False discovery rate (FDR) is automatically applied by the software to 
control the proportion of false positive results and consequently the adjusted-p values (also 
called q values) were generated. The outcome of processed data was tabulated and then the 
significant metabolites (double-filtering by adjusted-p < 0.05 and fold change > ǀ1.5ǀ) were 
manually selected for later presentation. Also, visualization of the results was provided in the 
form of cloud plot.  
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A more sophisticated pre-processing method was also conducted, using Genedata 
Expressionist software, Version 11.0 (https://www.genedata.com). Key steps of data pre-
processing were similar to those of XCMS software but Genedata Expressionist offered a 
better control by providing a visualization of 2D chromatograms throughout the processing 
steps (Fig 2.1). The 2D chromatogram dramatically aided users to monitor and then select 
appropriate combinatorial sets of parameters to yield the optimal outcomes. Once the noise 
was subtracted and the peaks were aligned and detected, species clusters which represented 
compounds in several forms of molecular ions were generated. The peak area of each 
molecular ion was normalized to sample fresh weight prior to subsequent statistical analysis. 
Multivariate analysis between all 3 wild type cultivars and 4 HR lines with and without 
glufosinate treatment were performed using a built-in module (Genedata Analyst) in the same 
software. The clusters with different abundance as a result of exogenous gene insertion and 
glufosinate treatment were mapped onto pre-defined pathways based on a ‗mummichog‘ 
algorithm which is freely available in Metaboanalysts (Xia & Wishart, 2016). To our 
knowledge there is no metabolic pathway for buffalo grasses, the mapping was performed 
based on a similar grass, Oryza sativa. The mass difference between input metabolites and 
the database metabolites were set at 5 ppm and the significant threshold for metabolites 
selection was 0.01. The resultant analysis allowed us to view the effect of both treatments on 
their targeted metabolic pathways and also automatically identify the compound clusters that 
were mapped onto the pathways. The identified clusters were further examined for accuracy 
by manually subtracting m/z of each cluster in various possibilities and then matched them 
with fragmented ions generated from MS/MS to confirm the true identification.  
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Figure 2.1 Two dimensional (2D) chromatogram of LC-MS mass spectra created by 
Genedata Expressionist 11.0 during the pre-processing of the dataset. The 2D chromatogram 
presents mass-to-charge ratio (m/z) on x-axis and retention time (RT) on y-axis. Each blue 
dot or blue vertical bar represents a feature (i.e. EIC peak) appeared in the mass spectra. A) 
2D chromatogram before ‗Chromatogram chemical noise subtraction‘ step. B) after the clean-
up step. 
A) 
B) 
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2.5 Proteomics 
 
2.5.1 Protein extraction 
  
Each treatment consisted of four biological replicates. Total leaf protein was extracted using a 
modified TCA/Acetone protein extraction method as previously described by Vincent et al. 
(2015). Approximately 3 g of the frozen leaf was ground into a homogeneous, fine powder in 
liquid nitrogen and then subsequently transferred into 2.0 mL Eppendorf tube. 
 
Ground homogeneous samples were re-suspended in 1.5 mL of 10% TCA, 20 mM DTT in 
ice-cold acetone (w:w:v) to produce a precipitate. The tubes were then vortexed for 1 min and 
incubated overnight at −20 oC to precipitate the protein. The precipitated proteins were 
subsequently centrifuged at 13,000 rpm, and the protein pellet was re-suspended and rinsed 
twice with 1.5 mL of 20 mM DTT in ice-cold acetone (w:v). The tubes were incubated at −20 
o
C for 120 min, and then centrifuged for 10 min at 13,000 rpm. The supernatants were 
discarded and the pelleted proteins were dried under vacuum in a Speedvac Concentrator 
(SPD 2010 model, Savant) without heating for 60 min. The pellets were re-suspended in 1 
mL of ice-cold solution A (3 M Guanidine-HCl, 50 mM Bis-Tris, 2.7 mM sodium citrate 
tribasic dehydrate, 20 mM DTT). The extracts were warmed at 60
 o
C for 10 min in the heat 
block followed by centrifugation at 13,600 rpm for 5 min at room temperature. The 
supernatants were transferred to new 1.5 Eppendorf tubes and stored at -80 
o
C prior to 
analysis. 
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2.5.2 Total protein assay 
 
The protein concentrations of the extracts (1:10 dilution) were assayed in duplicate, using the 
Microplate BCA protein assay kit (Pierce) according to the manufacturer‘s instructions as 
previously described by Vincent et al. (2015). Bovine Serum Albumin (BSA) of various 
concentrations at 10 times dilution interval was used as protein standards to create standard 
curve to facilitate the quantification of total protein. 
 
2.5.3 Bottom-up proteomics analysis 
 
2.5.3.1 In-solution protein digestion using trypsin protease 
 
The stored protein extracts were thawed at room temperature (2-5 min) and then different 
volumes of each extract (≈ 52-97 µL) were taken to produce an aliquot corresponding to  
120 μg of total proteins based on the previous BCA assay. Four times dilution of the reduced 
proteins from DTT reaction were carried out, using 50 mM ammonium bicarbonate (ABC) to 
achieve the urea molarity less than 1 M. Modified trypsin was purchased from the 
manufacturer (sequencing grade, Promega). Twenty microgram of trypsin aliquot was gently 
dissolved in 1 mL of the re-suspension buffer provided by the manufacturer (50 mM acetic 
acid). The enzyme solution was then incubated at 30 
o
C for 15 min to stimulate trypsin to 
function at maximal activity. Protein digestion was initiated by gently mixing the diluted 
protein extracts (in ABC) with aliquot of trypsin at a ratio of 50:1 (proteins: trypsin). The 
tryptic digested mixture was allowed to incubate at 37 
o
C for 19 hrs (or overnight) in the 
dark. At the end of the incubation, 10% formic acid in MilliQ water (v:v) was added to stop 
protein digestions by acidifying the digested mixture.  
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2.5.3.2 Tryptic digestion, cleaning, assay and dilution 
 
The tryptic digested mixture were desalted, using solid phase extraction (SPE) cartridges 
(Sep-Pak C18 1cc Vac Cartridge, 50 mg sorbent, 55–105 μm particle size, 1 mL, Waters) to 
enhance analytical performance, reproducibility, and analysis speed of subsequent HR-LC-
MS analyses. The running steps of the SPE were performed according to the manufacturer‘s 
instructions. In brief, the SPE cartridges were conditioned and equilibrated by pipetting 1 mL 
of 80% acetonitrile:0.1% formic acid in MilliQ water (v:v:v) followed by 1 mL of 0.1% 
formic acid in MilliQ water (v:v). Secondly, the tryptic digested mixtures were loaded onto 
the cartridges and washed by adding 1 mL of 0.1% formic acid in MilliQ water (v:v). The 
tryptic digested peptides were eluted using 1 mL of 80% acetonitrile:0.1% formic acid in 
MilliQ water (v:v:v) into a fresh 1.5 mL Eppendorf tube. The eluent‘s volume (1 mL) was 
evaporated to 0.18 mL to completely remove acetonitrile, using a Speedvac Concentrator 
(RVC 2-33 CDplus, Martin Christ).  
 
The resultant peptide concentrations were assessed using the Microplate BCA protein assay 
kit (Pierce) similar to the method described above (Section 2.5.2). An aliquot containing 10 
μg of peptide was diluted with 0.1% formic acid in MilliQ water (v:v) to reach a final volume 
of 100 μL, resulting in a precise concentration of 0.1 μg μL-1. The diluted peptide mixture 
was pipetting into 100 μL glass insert placed into a 2 mL clear glass vial. The vials were 
positioned into the auto sampler which was maintained at 4 
o
C until MS analyses as described 
below in Section 2.5.3.3. 
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2.5.3.3 HR-LC-MS proteomics analyses 
  
The HR-LC-MS analyses were configured for reverse phase (RP) using an Ultimate 3000 
RSLCnano System (Dionex) online with an Orbitrap Velos hybrid ion trap-Orbitrap mass 
spectrometer (Thermo Fisher Scientific Inc.) and controlled by Xcalibur 3.0.63 software 
(Thermo Xcalibur™, Thermo Fisher Scientific Inc.). The HR-LC-MS analyses of the 16 
samples (93-5A and WT 9-1B with and without glufosinate treatment x 4 biological 
replicates) were conducted in 3 technical replicates, constituted to a total 48 runs. 
Chromatographic separation of the tryptic peptides was started by loading 1 µL aliquot (0.1 
µg peptide) onto a trap column (Acclaim PepMap100, 75µm × 2 cm, C18 3µm 100 Å, 
Dionex) at a 3 µL min
-1
 flow rate and switched onto a separation column (Acclaim 
PepMap100, 75 µm × 15 cm, C18 2 µm 100 Å, Dionex) at 0.4 µL min
-1
 flow rate after 3 min. 
The loading was achieved by a full loop injection mode and the sample was randomly 
selected for the injection in order to reduce systematic error such as instrumental drift, 
possible decay of analytes, suppression effects. Mixture of digested peptides were eluted in 
the separation column, using linear gradient mobile phase composed of 0.1% formic acid in 
MilliQ water (v:v) (phase A) and 0.1% formic acid in acetonitrile (v:v) (phase B). A linear 
gradient elution was ramped from 3% to 40% acetonitrile over 49 min at a flow rate of 3 µL 
min
-1
 to flush the digested peptides into mass spectrometer nanospray ion source.  
 
After elution, the washing step was performed by increasing acetonitrile concentration to 
90% within 2 min, held for 5 min, then reduced to 3% within 0.1 min. The separation column 
was re-equilibrated for 5 min. Before running the subsequent sample, 1 µL of mobile phase A 
was injected and allowed to run for 20 min. This additional run offer extra cleaning step for 
the separation column to prevent carry-over. 
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At the mass spectrometry, the eluted peptides were ionized, using Electrospray Ionization 
(ESI) with the spray voltage set at 2.2 kV and the ion transfer capillary set at 280
 o
C.  
Ionization was carried out in a positive ion mode. Full MS scans were acquired in the 
Orbitrap Fourier Transform (FT) mass analyzer (Orbitrap Velos Hybrid Ion Trap-Orbitrap 
Mass Spectrometer, Thermo Fisher Scientific Inc.) to detect the ions m/z from 300-2,000 at 
60,000 resolutions in profile mode. The precursor ions from the full MS scan were selected 
for further fragmentation in data-dependent mode. MS/MS
 
spectra were acquired from 
fragmentations of the precursor ions with 20 most intense peaks which displayed charge state 
≥ 2 and a minimum signal threshold of 10,000. Fragmentation was achieved by CID in the 
linear ion trap-mass spectrometry (IT-MS), with a following setup: normalized collision 
energy of 35%, activation Q of 0.25, and activation time of 10 msec.  
 
2.5.4 Top-down proteomics analysis 
 
The stored protein extracts (Section 2.5.1) were thawed at room temperature for 2-5 min and 
then different volumes (≈ 52-97 µL) of each extract aliquot with equal amount of total protein 
were prepared, allowing a calibration of every sample to attain the same protein 
concentrations. The selected concentration was achieved by diluting the protein extracts with 
MilliQ water to lower the concentration to that of the sample with the lowest concentration. 
The DTT-reduced proteins were diluted four times, using 50 mM ABC to decrease the urea 
molarity below 1 M. The HR-LC-MS analyses were performed, using Aeris™ WIDEPORE 
XB-C8 column (3.6 µm, 200 Å, 150 x 2.1 mm, Phenomenex). The oven was set at 75 
o
C to 
allow a better separation of moderately hydrophobic proteins as described in Vincent et al. 
(2019). Three technical replicates were conducted for each sample. 
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2.5.5 Pre-processing data and multivariate analysis  
 
The raw MS and MS/MS files were pre-processed, using Genedata Expressionist Refiner 
11.0. The following parameters were set as previously described by Vincent et al. (2015): 1) 
peak detection = 0.1 min minimum peak size, 20% gap: peak ratio, a curvature-based 
algorithm, and using inflection points to determine boundaries; 2) noise subtraction = 5 scan 
smoothing, a moving average estimator, a 50 scan RT window; 3) retention time (RT) 
alignment using a pairwise alignment-based tree and 50 RT scan interval; 4) reference grid = 
10 scans and 10% deltaRT smoothing; 5) isotopic clustering = 0.3 min RT tolerance, a 0.1 Da 
m/z tolerance, a peptide isotope shaping method with protonation, charges from 2–6 and 
mono-isotopic masses; 6) singleton filter; 7) MS/MS consolidation; 8) Proteome Discoverer 
Import with X-correlation > 1.5; and 9) peak annotation. 
 
Peak identification was inferred for putative peptides by searching MASCOT database on 18 
January 2019, using Proteome Discoverer™ (PD) 1.4 based on SEQUEST algorithm. 
(Thermo Fisher Scientific Inc.). The identification was based on the protein entries of the C4 
grass species foxtail millet (Setaria italica), which is a relative of buffalo grass. The database 
search specified trypsin as the digestion enzyme with maximum of two missed cleavages and 
carbamidomethyl as the fixed modification. For dynamic modification, 2 conversion: Gln to 
pyro-Glu (N-term Q) and Glu to pyroGlu (N-term E), as well as phosphorylation (STY), 
Oxidation (M), and deamination (NQ) were selected for the search. The precursor mass 
tolerance was set at 10 ppm, and fragment mass tolerance set at 0.5 Da. The peptide absolute 
X-correlation threshold was set at 0.4 and protein relevance threshold was set at 1.5. The 
Target-Decoy Database Approach (TDA) was employed to provide accurate estimates of 
False Discovery Rates (FDR) at pre-selected cut-off level (p < 0.01). For peptide 
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identification, peptide confidence values were set at ‗high‘ to provide more stringency to 
filter the peptide, leading to a highly confident result (FDR, p < 0.01) (Higdon et al., 2010). 
At the protein level, protein grouping was set to ‗enabled‘. Identification results were 
annotated and then exported to Microsoft Excel for further PCA analysis, using web-based 
tool Metaboanalyst 3.0 (https://www.metaboanalyst.ca/faces/ModuleView.xhtml). 
 
Functions of annotated peptides were sought according to the literature data (Guarino & 
Sciarrillo, 2018; Vincent et al., 2019) and the Uniprot KB (https://www.uniprot.org) (The 
UniProt Consortium, 2015). Gene Ontology (GO) terms which described fundamental 
properties of proteins were sought from a community-based bioinformatics resource, ‗AmiGo 
2 function‘ freely available on GO resource (The Gene Ontology, 2013). To enable the 
search, uniprot accession for each annotated peptide was initially converted to GO IDs, using 
‗ID mapping search‘ available from Protein Information Resource (University of Delaware; 
https://proteininformationresource.org/pirwww/search/idmapping.shtml). Every GO ID for 
each annotated peptides which demonstrated significantly different (p < 0.05) between a 
strong HR line, 93-5A and the wild type, WT 9-1B with and without glufosinate treatment 
were then used to search for their GO terms.  
 
To link annotated peptides to metabolism, the annotated peptides were mapped onto the pre-
defined metabolic pathways available in Kyoto Encyclopedia of Genes and Genomes 
(KEGG) database. To begin the mapping, uniprot accessions of the annotated peptides were 
converted to KEGG ID by ‗Retrieve/ID mapping‘ equipped in Uniprot KB 
(https://www.uniprot.org). The resultant KEGG ID accompanied with its Log2FC which was 
calculated from a comparison between the WT 9-1B and 93-5A were used as an input for the 
free web-tool ‗Search Tool for Interacting Chemicals‘ (STITCH version 5.0) 
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(http://stitch.embl.de). This tool employs a sophisticated algorithm to predict all types of 
interactions (protein-protein, protein-metabolites and metabolite-metabolites). S. italica were 
selected as biological species because our proteins were originally based on the protein 
information of this grass species. As a result, it is likely to facilitate better matching between 
the uniprot accession ID of the selected proteins (input) and the proteins in the pre-defined 
metabolic pathways. 
 
2.5.6 Targeted protein identification  
 
The enzymes involved in senescence (Section 5.3.3D, Chapter 5) were searched by following 
a similar procedure described in Section 2.5.5 with a slight modification. Database searching 
started from the raw MS files, using Proteome Discoverer 1.4. Due to limited annotations for 
foxtail millet in the MASCOT database, the targeted search was conducted by including 
extensive lists of proteins from 3 popular model plants: Arabidopsis (Arabidopsis thaliana), 
rice (Oryza sativa subsp Japonica) and maize (Zea mays). The lists of senescence-related 
proteins were obtained from literature search (Sarwat & Tuteja, 2019; Thakur et al., 2016). 
Examples of these proteins included several carbohydrate catabolic enzymes (e.g. 
polygalacturonase, pectinesterase, xylosidase), proteolytic enzymes (e.g. cysteine protease, 
aspartate protease, serine protease), autophagic proteins, photosynthesis-related proteins (e.g. 
Rubisco, structural proteins of photosystem I and II). Forty-six proteins involved in purine 
metabolism were extracted from KEGG map (sita:00230). To continue the search, protein 
sequence of selected proteins downloaded from Uniprot KB were matched with the processed 
dataset generated by Proteome Discoverer 1.4, based on the non-redundant (nr) National 
Center for Biotechnology Information (NCBI) database with taxonomy as plant 
(https://www.ncbi.nlm.nih.gov/protein) following the instruction above (Section 2.5.5). The 
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resultant amino acid sequences annotated as ―Uncharacterized‖ were re-searched based on 
their text-based (FASTA) format. The search was conducted manually using Basic Local 
Alignment Search Tool (BLAST) tool of both UniProt database (http:// 
www.uniprot.org/blast) with the default parameters except for the target database which was 
set to ―Plants‖ and blastp suite (https://blast.ncbi.nlm.nih.gov/Blast.cgi?PAGE=Proteins) to 
find relevant proteins.   
 
2.6 Combination of different omics platforms 
 
Datasets from 2 proteomics platforms (BUP and TDP) and 2 metabolomics platforms (GC-
MS and LC-MS based metabolomics) were analyzed together, using Multiple Co-Inertia 
Analysis (MCIA) (Meng et al., 2014). To perform MCIA, a set of data tables were arranged 
in a way that 1) all ‗measurements‘ (names and samples numbers) were placed in columns 
and matched across all 4 platforms. In this study, 4 treatments were comprised of the strong 
HR line, 93-5A and a parental wild type, WT 9-1B with and without glufosinate treatment 
were conducted. Three biological replicates were selected for each treatment, resulting in a 
total of ‗16 measurements‘ used in MCIA. 2) the ‗features‘ (independent variables including 
uniprot accessions, protein groups, GC-MS identified compounds and LC-MS metabolite 
clusters) were arranged in rows. MCIA was then calculated in 2 steps. In the first step, 
datasets from each platform was separately transformed, using one table ordination method 
[e.g. PCA and Non-Symmetric Correspondence Analysis (NSC)] in order to enable different 
dataset to be comparable in lower dimensional spaces. In the second step, the transformed 
data were generalized, using co-inertia analysis (CIA) method which allowed a solution to the 
problem of simultaneous analysis of a set of statistical triplet (Culhane et al., 2003). The 
outcome of MCIA was visualized from a projection of every sample (4 treatments x 3 
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biological replicates) in the 2 dimensional MCIA space. For this study, MCIA was calculated 
using R package (omicade4) which is freely available on Bioconductor 
(http://www.bioconductor.org/packages//2.13/bioc/html/omicade4.html). 
 
2.7 RT-PCR of a pat-like gene 
 
Samples [6 cm-long leaf strips for each buffalo grass variety (Table 2.1)] were ground using 
pre-chilled mortar and pestle in the presence of liquid nitrogen. RNA was extracted from 
ground tissues with TRIsure (TRIsure™, BIO 38032, Bioline) according to a method 
described by the manufacturer's instruction (https://www.bioline.com/us/downloads/dl/file/ 
id/953/trisure_product_manual.pdf). After extraction, the RNA was re-dissolved in 50 μL of 
0.1% diethyl pyrocarbonate (DEPC)-treated water and quantified based on the absorbance at 
260 nm (A260) using a microplate reader (The POLARstar
®
 Omega, BMG LABTECH, 
Ortenberg, Germany). Aliquot of RNA (1 µg) mixed with 2 µL of 7 x gDNA Wipeout Buffer 
supplied by the manufacturer (QuantiTect Reverse Transcription Kit, QIAGEN
®
) to 
effectively remove contaminating genomic DNA. Only the RNA samples with A260/A280 
ratios between 1.9 and 2.1 and A260/A230 ratios greater than 2.0 were used for subsequent 
steps. First strand cDNAs were synthesized from 1 μg of total RNA, using QuantiTect 
Reverse Transcription Kit (QIAGEN
®) following the manufacturer‘s instruction 
(file:///C:/Users/Administrator/Downloads/EN-QuantiTect-Reverse-TranscriptionHandbook. 
pdf).  
 
Polymerase Chain Reaction (PCR) were carried out in 8-strip PCR tubes with GoTaq Hot 
Start Green Master Mix (CAT# M5123, Promega), using a method as described by the 
manufacturer's instructions (https://www.promega.com.au/-/media/files/resources/protocols/p 
Chapter 2 
88 
 
roduct-information-sheets/g/gotaq-hot-start-green-master-mix-protocol.pdf). Reactions were 
performed in 25 μL volumes containing a PCR cocktail according to the manufacturer‘s 
instructions. Aliquots from the same cDNA sample would be used with all primer sets. The 
sequence of the pat gene forward primer was 5′-CGCGCCCCAGAGGGTGGG-3′ and those 
for the reverse primer were 5′-CCGCAGGCGGCGTGGAGG-3′. For a purpose of 
comparison between samples, a house-keeping gene, Kaurene oxidase (KO) was also 
amplified from the same dscDNA samples using KO forward primer 5′-
CTAAAGCATTGTCAGTGCTCACACGTGAC-3′ and the reverse primer sequence 5′-
GATATCCTAGCCTCTCCACGATCAATTC-3′. A PCR machine (2720 Thermal Cycler, 
Applied Biosystem) was set with the following parameters: 95 
o
C for 2 min, then 40 cycles of 
95 
o
C for 30 sec, 60 
o
C for 30 sec, 72 
o
C for 1 min, then 72 
o
C for 5 min and finally held at 4 
o
C, using PCR automatic programs. For electrophoresis, 25 µL of PCR products were loaded 
on a 2% Agarose gel containing 1 µL Ethidium bromide where it ran at 85 volt for 4 hrs. 
Immediately after the run, images were taken, using high resolution Charge-Coupled Device 
(CCD) camera under either Epi-white light or trans-UV (302 nm) illumination (Gel Doc™ 
XR+ Gel Documentation System, Bio-Rad). 
 
To semi-quantify an expression of pat genes, intensity of each DNA band in the gel image 
was initially estimated by ‗Gene analyzer option‘ installed in ImageJ software 
(https://imagej.nih.gov/ij). The estimated intensity of the pat gene at 446 base pair was 
normalized by dividing it with that of KO gene at 510 base pair in each lane. The normalized 
intensity was then converted to percentage by comparing with the maximum value (arbitrary 
assigned to 100%). The percentage of intensity was now denoted as ‗relative expression‘ of 
the pat gene. Comparison of the relative pat expression between buffalo grass cultivars was 
presented in a form of bar chart, using Microsoft Excel 2010. 
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Chapter 3 
 Utilization of GC-MS untargeted metabolomics to assess the 
delayed response of glufosinate treatment of transgenic herbicide 
resistant (HR) buffalo grasses
2
 
 
3.1 Introduction  
 
Transgenic herbicide-resistant (HR) turfgrass together with its associated, broad spectrum 
herbicides promise cheap, flexible and efficient weed control by excluding infested weeds 
resulting in turf lawn with high uniformity and aesthetic value. The concept of this kind of 
weeding program originated from the modern biotechnologies and has been widely 
implemented in several principal crops including maize, soybean, canola and cotton as early 
as the 1990s (see review by Green, 2018).  However, transgenic HR turfgrass classified as a 
genetically modified organism (GMO) has undoubtedly caused public concern with respect to 
biosafety and legalities similar to well-established HR crops (Nicolia et al., 2014; Ribeiro et 
al., 2016).  
 
Before GM crops were commercialized, safety and security were strictly implemented 
according to ―substantial equivalence‖ originally formulated by the international agency, 
Organization for Economic Co-operation and Development (OECD) in 1993 (OECD, 1993). 
In brief, the main idea of this concept detailed that ―a new food or food component(s) was 
derived from organism(s) whose newly introduced traits have been well-characterized, 
together with a conclusion that there is reasonable certainty of no harm as compared with its 
                                                          
2
 Major proportions were published in (Boonchaisri et al., 2020) and presented in (Boonchaisri et al., 2017) 
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conventional or traditional counterpart, means that a new food or food component(s) can be 
considered substantially equivalent.” The process of establishing „substantial equivalence‟ 
provides a starting point for biosafety assessments of the new GM varieties based on the 
similarities and differences between the GMO and suitable comparators. Traditionally, 
application of this concept was in part carried out by analyzing specific metabolites (targeted 
approach) which typically related to nutritional values of the foods/products. Further 
recommendation by (Food and Agriculture Organization/World Health Organization) 
FAO/WHO (2000) suggested the introduction of various omics based platforms including: 
genomics, proteomics and metabolomics as useful alternative approaches to increase the 
probability of detecting unintended effects arising from GMO or especially when it lacks 
suitable counterpart for comparative analyses.   
 
To this end, untargeted gas chromatography-mass spectrometry (GC-MS) metabolomics has 
been applied as a first pass screening tool to investigate the metabolome of several HR crops 
because it is regarded as the gold standard for the analysis of primary metabolites (Hill & 
Roessner, 2013) in the last 2 decades (Allwood et al., 2009). GC-MS has previously been 
applied to generate metabolite fingerprints to comprehensively characterize principal HR 
crops. For example, these crops included Roundup® ready glyphosate-resistant maize, 
NK603 (Harrigan et al., 2016) and DKC78-35R (Frank et al., 2012), glyphosate-resistant 
soybean, 837ASDIS (Jimenez et al., 2009) and 4-hydroxyphenylpyruvate dioxygenase 
(HPPD)-resistant soybean, SYHT06W (Clarke et al., 2013). Applying metabolomics-based 
approaches can certainly provide a comprehensive and comparative understanding of the 
target organism (in this case, grasses), increasing the likelihood to detect unpredicted and 
unwarranted changes in plant metabolism caused by genetic modification. Comprehensive 
characterization of HR crops in comparison to their wild type/near isogenic comparators 
Chapter 3 
91 
 
therefore improving and even convincing the public perception in regards to safety and 
legalities. 
 
In this study, 4 HR buffalo grass varieties were genetically engineered to resist a non-
selective herbicide, glufosinate above a commercially recommended dose. The resistant trait 
was conferred by an insertion of pat gene identified from a soil bacteria so that the grasses 
were able to produce the enzyme phosphinothricin acetyltransferase (PAT) to detoxify the 
glufosinate inhibiting effect (for a detail description of the glufosinate resistant mechanisms, 
see Chapter 1, p.36). In general, most of the herbicidal mode of actions has been designed to 
eradicate plants by inhibiting selective primary metabolic pathways such as fatty acid 
biosynthesis, shikimic acid pathway, photosynthesis and amino acid biosynthesis. The 
subsequent depletion of critical primary metabolites produced from the herbicide-disrupted 
pathways was hypothesized to be a cause of plant death. For glufosinate, the primary target of 
its active ingredient, L-phosphinothricin (PPT) is glutamine synthetase (GS). This is a key 
enzyme in a principal mechanism to incorporate novel ammonia (NH4
+
) in higher plants 
which is called GS/GOGAT pathway (Fig. 1.3, Chapter 1). As L-PPT is a structural analogue 
to a substrate for GS, glutamate, it will compete to irreversibly bind to the active site of GS 
(Manderscheid & Wild, 1986). Although there are two isoforms of GS in higher plants: a 
cytosolic GS1 and a chloroplastic GS2, both were severely inhibited by L-PPT (Logusch et 
al., 1991). As a result, GS cannot convert glutamate into glutamine which then lead to 
glutamine deprivation in concurrent with accumulation of a highly toxic by product, NH4
+
 
(Beriault et al., 1999) (Fig. 1.4, Chapter 1). A marked increase in NH4
+
 was a unique event 
following L-PPT treatment (Lacuesta et al., 1989; Pornprom et al., 2000) and the 
accumulated NH4
+
 was postulated to cause cellular damage through several processes such as 
inhibition of ATP production from photosynthetic electron transport, reduction in chlorophyll 
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and inhibition of NADPH oxidation in the mitochondria (Tachibana et al., 1986a).  
Consequently, leaf chlorosis and necrosis were observed and eventually lead to plant death 
within 2 weeks (Al-Khatib, 2017a).  
 
In this study, GC-MS based untargeted profiling was carried out on 4 HR buffalo grasses 
compared to 3 wild type cultivars. Univariate and multivariate statistics were performed to 
demonstrate changes in metabolism between them. Pleotropic effects as a result of the 
inserted pat gene sequence into buffalo grass genome were also attempted with both the 
presence and absence of an herbicidal stress from glufosinate treatment. 
 
3.2 Materials and Methods 
 
See chapter 2 (Section 2.3, 2.4.1 and 2.7) 
 
3.3 Results 
 
3.3.1 The effect of glufosinate to cause phenotypical changes on buffalo grasses. 
 
To assess the effects of resistance of the transgenic buffalo grass to glufosinate treatment, 3 
wild type and 4 HR buffalo grass cultivars plants were sprayed with a series of glufosinate at 
concentrations ranging from 0, 1, 5, 10 and 15% (v:v) and then the development of injury was 
observed every 2 days. After 13 days at their normal growing conditions in the glasshouse, all 
3 wild-type varieties showed clear observations of injury such as substantial leaf senescence 
and desiccation at the apparent distinguishable dose (5% v:v, see Chapter 2 for more detail) 
(Fig. 3.1A, B, C). In contrast, glufosinate-resistant lines demonstrated negligible effects of  
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Figure 3.1 Visual injury after 13 days of glufosinate treatment. A) WT 8-4A, B) WT 9-1B, 
C) WT 9-2B, D) 93-1A, E) 93-2B, F) 93-3C and G) 93-5A. 
         Wild-type                   HR grasses  
        Glufosinate concentrations      Glufosinate concentrations 
       0       1        5       10     15%                        0       1       5       10     15% 
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glufosinate in 93-1A, 93-3C and 93-5A (Fig. 3.1D, F, G) and slight injury with other resistant 
varieties, 93-2B (Fig. 3.1E). Above the commercial doses (10% and 15%), all the wild type 
grasses showed severe injury or death. At the rate of application, 2 of the HR grasses, 
typically 93-1A and 93-5A were moderately injured but the other two HR grasses, 93-2B and 
93-3C, showed severe injury. These results indicated the effectiveness of transgenic buffalo 
grass to resist glufosinate treatment as well as reflecting the variation in the degree of 
resistance between the 4 HR lines. 
 
3.3.2 The expression of the inserted pat gene in the herbicide resistant (HR) lines  
 
The expression of the inserted gene, pat (phosphinothricin acetyltransferase) in the 
transgenic herbicide resistant (HR) buffalo grass varieties were investigated, using RT-PCR. 
It should be noted that the relative expression estimated from the semi-quantitative PCR 
method only provide preliminary results to guide a better research in the future. A highly 
accurate approach of qPCR is still needed to measure either an absolute or relative expression 
of the inserted pat gene. All transgenic glufosinate resistant grasses showed a clear expression 
of the pat gene as observed from the gene product at 446 base pairs (Fig. 3.2A). The 
expression of the endogenous referencing gene, KO (native Kaurene Oxidase) detected at 510 
base pair was measured to assist with the semi-quantification of the pat expression in the 
form of a relative expression percentage. The relative expression was found to vary among 
the transgenic grasses with the highest expression observed in 93-5A (relative expression 
43.54%) whereas the lowest expression was observed in 93-2B (relative expression 6.34%) 
(Fig. 3.2B). As mentioned above, the levels of resistance of the transgenic grasses were 
deemed variable, with the relative expression of the pat gene likely linked with the levels of 
resistance. 
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Figure 3.2 The expression of pat gene. A) PCR products of pat at 446 base pair and endogenous referencing gene, KO (Kaurene Oxidase) at 510 
base pair and B) The relative expression of pat gene. NB: the result is a representative of 3 experiments, ND = not detected. 
 
 
ND ND ND 
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3.3.3 Univariate analysis of GC-MS based metabolomics 
 
Changes in the metabolome in both wild type and transgenic buffalo grasses were measured, 
using GC-MS untargeted metabolomics profiling. A total 199 primary metabolites (both 
identified and unknown compounds) were detected which could be classified into several 
groups including: amino acids, sugar and sugar derivatives, organic acids, steroids as well as 
others including unknowns. Metabolites detected are expressed as relative response ratio to 
 mg fresh weight and concentration of the internal standard. The „relative concentrations‟ 
were then used to calculate comparative fold changes and significant differences (p < 0.05) 
between transgenic HR grasses (93-1A, 93-2B, 93-3C and 93-5A) and their parental line (WT 
9-1B) (Table 3.1). At baseline conditions (without glufosinate treatment), the HR grass, 93-
5A exhibited the highest number of metabolites of which the relative concentrations were 
significantly different from WT 9-1B [12 compounds including glyceric acid (x-fold = 2.04), 
allantoin (x-fold = 61.94), and unknown 12 (x-fold = 3.06),16 (x-fold = 1.59), 21 (x-fold = 
5.27), 22 (x-fold = 1.67), 26 (x-fold = 0.07), 27 (x-fold = 0.66) 29 (x-fold = 2.08), 30 (x-fold 
= 2.16), 36 (x-fold = 12.14) and 39 (x-fold = 4.34)]; followed by 93-1A [3 compounds: cis-
aconitic acid (x-fold = 0.38) and unknown 12 (x-fold = 2.82) and 30 (x-fold = 1.90)]; 93-2B 
[3 compounds: cellobiose (x-fold = 1.63), maltose (x-fold = 1.56) and unknown 21 (x-fold = 
3.37)]; and 93-3C [1 compound: octadecanoic acid (x-fold = 1.35)], respectively. As above, 
only 6 statistically significantly different compounds were identified while the remainder 
were unknown compounds.  It is important to highlight that, allantoin did not only show the 
greatest fold change (61.94 fold in 93-5A) among the detected significantly different 
compounds, but also showed the highest accumulation among all detected metabolites as high 
as 136.38 fold in 93-1A (Table 3.1). 
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Table 3.1 Compounds and fold changes identified from the GC-MS untargeted profiling in the baseline samples (without glufosinate treatment). 
Metabolites showing significant differences (p < 0.05) in the relative concentrations between 4 HR buffalo grasses (93-1A, 93-2B, 93-3C and 
93-5A) and its parental lines (WT 9-1B) were calculated based on student‘s t-test for each metabolite and then highlighted in green. NB: SEM = 
standard error of the mean and x-fold = fold change of the relative concentrations of metabolites observed in each HR buffalo grasses as 
compared with WT 9-1B. 
Cultivars WT 9-1B   93-1A    93-2B    93-3C    93-5A  
 x-fold  SEM x-fold  SEM t-test x-fold  SEM t-test x-fold  SEM t-test x-fold  SEM t-test 
AMINO ACIDS                    
Alanine  1.00 ± 0.28 1.65 ± 0.42 0.42 1.10 ± 0.31 0.83 2.53 ± 0.35 0.12 1.81 ± 0.36 0.26 
Asparagine   1.00 ± 0.38 25.31 ± 0.91 0.33 2.42 ± 0.33 0.16 1.58 ± 0.54 0.52 1.54 ± 0.10 0.30 
Aspartic acid   1.00 ± 0.24 1.06 ± 0.44 0.91 0.81 ± 0.25 0.58 1.26 ± 0.31 0.58 1.12 ± 0.56 0.85 
beta-Alanine   1.00 ± 0.47 3.14 ± 0.42 0.18 1.10 ± 0.17 0.86 1.04 ± 0.14 0.95 1.63 ± 0.57 0.54 
Glutamic acid  1.00 ± 0.30 12.37 ± 0.51 0.12 1.41 ± 0.23 0.39 3.58 ± 0.60 0.22 3.24 ± 0.47 0.15 
Glutamine  1.00 ± 0.49 5.87 ± 0.95 0.42 1.56 ± 0.69 0.65 4.62 ± 0.80 0.30 2.78 ± 0.37 0.15 
Glycine   1.00 ± 0.11 1.33 ± 0.41 0.58 0.97 ± 0.24 0.91 1.11 ± 0.26 0.71 1.41 ± 0.10 0.07 
Homoserine  1.00 ± 0.16 2.31 ± 0.75 0.48 1.55 ± 0.30 0.31 3.18 ± 0.68 0.29 1.74 ± 0.46 0.34 
Isoleucine   1.00 ± 0.34 1.22 ± 0.33 0.70 1.14 ± 0.39 0.81 1.04 ± 0.37 0.94 1.07 ± 0.07 0.87 
Lysine    1.00 ± 0.05 1.17 ± 0.25 0.59 1.21 ± 0.19 0.40 1.76 ± 0.57 0.41 1.72 ± 0.46 0.33 
Phenylalanine   1.00 ± 0.36 1.10 ± 0.23 0.82 1.29 ± 0.40 0.66 1.05 ± 0.39 0.93 1.13 ± 0.03 0.78 
Proline    1.00 ± 0.32 1.44 ± 0.43 0.56 1.22 ± 0.52 0.77 1.29 ± 0.43 0.65 1.47 ± 0.02 0.28 
Putrescence   1.00 ± 0.12 2.69 ± 0.38 0.15 1.53 ± 0.18 0.13 1.10 ± 0.27 0.74 1.35 ± 0.34 0.43 
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Pyroglutamic acid  1.00 ± 0.30 12.37 ± 0.51 0.12 1.41 ± 0.23 0.39 3.58 ± 0.60 0.22 3.24 ± 0.47 0.15 
Serine  1.00 ± 0.23 1.69 ± 0.42 0.39 1.41 ± 0.45 0.57 1.22 ± 0.37 0.66 1.80 ± 0.15 0.07 
Threonine   1.00 ± 0.24 2.97 ± 0.41 0.17 1.12 ± 0.10 0.66 1.28 ± 0.15 0.42 1.13 ± 0.26 0.75 
Threonic acid   1.00 ± 0.79 0.27 ± 0.28 0.39 0.26 ± 0.22 0.39 0.91 ± 0.69 0.94 0.76 ± 0.66 0.82 
Tyrosine    1.00 ± 0.41 0.96 ± 0.39 0.95 1.06 ± 0.44 0.93 1.04 ± 0.54 0.95 1.11 ± 0.07 0.83 
Valine    1.00 ± 0.28 0.94 ± 0.46 0.91 1.01 ± 0.40 0.98 1.12 ± 0.36 0.82 1.10 ± 0.08 0.79 
                    
SUGAR & SUGAR ALCOHOLS                    
Dotriacontanol   1.00 ± 0.12 1.38 ± 0.26 0.36 1.37 ± 0.18 0.22 1.36 ± 0.22 0.26 1.32 ± 0.15 0.21 
Erythritol  1.00 ± 0.50 0.53 ± 0.17 0.39 0.99 ± 0.33 0.99 0.87 ± 0.72 0.88 0.34 ± 0.12 0.32 
Galactitol  1.00 ± 0.14 1.87 ± 0.32 0.21 1.96 ± 0.27 0.14 0.98 ± 0.31 0.95 3.10 ± 0.57 0.22 
Galactosylcerol   1.00 ± 0.19 1.32 ± 0.19 0.35 1.27 ± 0.27 0.51 1.12 ± 0.32 0.77 1.37 ± 0.09 0.20 
                    
ORGANIC ACIDS                    
2,3-Dimethylsuccinic acid   1.00 ± 0.24 1.33 ± 0.28 0.49 0.87 ± 0.13 0.66 0.70 ± 0.03 0.34 0.99 ± 0.05 0.97 
2-Ketooctanoic acid   1.00 ± 0.08 5.77 ± 0.80 0.34 1.04 ± 0.14 0.80 5.67 ± 0.79 0.27 1.04 ± 0.27 0.87 
Benzoic acid, 4-hydroxy   1.00 ± 0.10 0.69 ± 0.26 0.17 1.00 ± 0.30 0.99 0.64 ± 0.20 0.07 1.10 ± 0.13 0.58 
Butanoic acid,2,4-dihydroxy   1.00 ± 0.35 7.01 ± 0.78 0.31 1.58 ± 0.16 0.23 1.27 ± 0.06 0.54 0.85 ± 0.33 0.77 
Butyric acid, 2 -amino   1.00 ± 0.16 1.14 ± 0.42 0.79 1.61 ± 0.39 0.38 7.82 ± 0.69 0.19 1.56 ± 0.32 0.28 
cis-Aconitic acid   1.00 ± 0.25 0.38 ± 0.06 0.05 1.01 ± 0.33 0.97 1.12 ± 0.52 0.84 0.65 ± 0.15 0.31 
Citric acid   1.00 ± 0.17 2.79 ± 0.53 0.28 0.90 ± 0.07 0.61 0.92 ± 0.15 0.74 1.20 ± 0.27 0.58 
Erythronic acid   1.00 ± 0.04 1.07 ± 0.22 0.77 1.07 ± 0.08 0.49 0.91 ± 0.11 0.36 1.03 ± 0.22 0.90 
Fumaric acid   1.00 ± 0.13 2.34 ± 0.43 0.24 1.19 ± 0.17 0.46 1.64 ± 0.48 0.38 1.68 ± 0.42 0.31 
GABA   1.00 ± 0.22 2.01 ± 0.29 0.16 1.46 ± 0.28 0.36 1.73 ± 0.46 0.35 2.13 ± 0.26 0.09 
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Galactonate  1.00 ± 0.35 0.89 ± 0.76 0.89 0.73 ± 0.48 0.60 0.31 ± 0.28 0.16 1.64 ± 0.47 0.45 
Galactonic acid   1.00 ± 0.61 0.49 ± 0.25 0.44 0.37 ± 0.11 0.34 0.33 ± 0.10 0.40 0.39 ± 0.21 0.44 
Galacturonate MX1  1.00 ± 0.27 2.37 ± 0.31 0.13 2.73 ± 0.35 0.13 1.50 ± 0.59 0.56 4.04 ± 0.50 0.14 
Gluconate  1.00 ± 0.10 1.01 ± 0.18 0.97 1.12 ± 0.11 0.48 1.57 ± 0.44 0.38 2.31 ± 0.39 0.15 
Gluconic acid-1,4  1.00 ± 0.37 1.09 ± 0.25 0.85 0.87 ± 0.12 0.75 0.76 ± 0.29 0.64 0.77 ± 0.14 0.63 
Glucuronic acid    1.00 ± 0.37 1.66 ± 0.17 0.21 3.17 ± 0.33 0.10 3.46 ± 0.77 0.33 1.50 ± 0.26 0.40 
Glutaric acid    1.00 ± 0.10 2.60 ± 0.31 0.10 2.25 ± 0.28 0.10 1.72 ± 0.33 0.20 0.66 ± 0.21 0.10 
Glutaric acid, 2-oxo   1.00 ± 0.11 0.98 ± 0.27 0.94 1.15 ± 0.11 0.43 0.90 ± 0.15 0.61 1.20 ± 0.22 0.47 
Glyceric acid   1.00 ± 0.18 4.34 ± 0.58 0.24 1.36 ± 0.23 0.36 1.27 ± 0.21 0.42 2.04 ± 0.20 0.05 
Glyceric acid-2-P   1.00 ± 0.49 4.11 ± 0.55 0.23 4.12 ± 0.87 0.42 0.93 ± 0.47 0.92 1.57 ± 0.35 0.48 
Glyceric acid-3-P   1.00 ± 0.32 0.61 ± 0.39 0.36 0.72 ± 0.39 0.53 0.84 ± 0.40 0.75 0.65 ± 0.46 0.48 
Gulonic acid   1.00 ± 0.19 1.00 ± 0.21 1.00 0.89 ± 0.11 0.63 0.87 ± 0.11 0.59 0.73 ± 0.15 0.31 
Malic acid 1.00 ± 0.05 3.41 ± 0.49 0.20 0.96 ± 0.11 0.71 0.96 ± 0.27 0.85 1.30 ± 0.36 0.49 
Malic acid, 2-methyl    1.00 ± 0.17 1.71 ± 0.19 0.10 1.37 ± 0.21 0.31 1.19 ± 0.38 0.69 1.41 ± 0.39 0.45 
Malonic acid   1.00 ± 0.15 1.22 ± 0.22 0.49 0.86 ± 0.18 0.54 1.03 ± 0.10 0.89 1.06 ± 0.28 0.84 
Oxalic acid   1.00 ± 0.65 0.81 ± 0.32 0.80 2.99 ± 0.53 0.29 3.83 ± 0.88 0.38 5.13 ± 0.48 0.12 
Phosphoric acid   1.00 ± 0.30 3.64 ± 0.67 0.32 1.04 ± 0.18 0.92 0.96 ± 0.21 0.92 1.45 ± 0.14 0.30 
Pipecolic acid   1.00 ± 0.23 0.53 ± 0.52 0.23 0.51 ± 0.28 0.12 0.50 ± 0.27 0.15 0.79 ± 0.06 0.47 
Quinic acid   1.00 ± 0.10 1.69 ± 0.28 0.20 1.98 ± 0.28 0.13 1.62 ± 0.31 0.22 1.23 ± 0.20 0.38 
Salicylic acid   1.00 ± 0.23 1.12 ± 0.26 0.76 1.16 ± 0.20 0.63 1.48 ± 0.11 0.18 1.35 ± 0.15 0.32 
Succinic acid   1.00 ± 0.09 0.88 ± 0.29 0.68 0.95 ± 0.19 0.80 0.90 ± 0.07 0.40 0.93 ± 0.24 0.75 
Sulfuric acid   1.00 ± 0.29 5.12 ± 0.12 0.00 3.55 ± 0.68 0.33 1.68 ± 0.72 0.55 5.16 ± 0.57 0.16 
                    
SUGARS/SUGARPHOSPHATES                    
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1-Kestose  1.00 ± 0.17 1.26 ± 0.33 0.58 1.30 ± 0.17 0.32 1.14 ± 0.10 0.56 1.30 ± 0.37 0.54 
Arabinose  1.00 ± 0.11 1.47 ± 0.19 0.17 1.69 ± 0.25 0.17 0.97 ± 0.18 0.87 1.26 ± 0.16 0.29 
beta-Gentibiose  1.00 ± 0.39 0.33 ± 0.19 0.14 0.99 ± 0.29 0.98 0.39 ± 0.46 0.26 0.18 ± 0.09 0.14 
Cellobiose MX1  1.00 ± 0.17 1.26 ± 0.24 0.48 1.27 ± 0.37 0.61 1.08 ± 0.25 0.79 1.10 ± 0.05 0.64 
Cellobiose MX2 1.00 ± 0.13 0.99 ± 0.22 0.96 1.63 ± 0.12 0.04 1.30 ± 0.40 0.54 0.86 ± 0.17 0.49 
FructoseMX1 1.00 ± 0.30 3.86 ± 0.34 0.08 1.58 ± 0.36 0.40 0.99 ± 0.44 0.99 2.37 ± 0.39 0.17 
Galacturonate MX1  1.00 ± 0.27 2.37 ± 0.31 0.13 2.73 ± 0.35 0.13 1.50 ± 0.59 0.56 4.04 ± 0.50 0.14 
Glucose 1.00 ± 0.50 1.71 ± 0.33 0.39 1.75 ± 0.36 0.38 1.46 ± 0.40 0.58 1.29 ± 0.27 0.68 
Fructose-6-P  1.00 ± 0.13 1.23 ± 0.24 0.50 0.95 ± 0.25 0.85 1.06 ± 0.01 0.70 0.90 ± 0.17 0.64 
myo-Inositol-1-P 1.00 ± 0.07 1.17 ± 0.18 0.46 1.06 ± 0.19 0.80 1.19 ± 0.20 0.42 0.97 ± 0.12 0.81 
Maltose  1.00 ± 0.17 0.92 ± 0.20 0.77 1.56 ± 0.09 0.04 1.27 ± 0.42 0.61 0.84 ± 0.12 0.49 
Mannose-6-P MX2  1.00 ± 0.18 1.00 ± 0.25 0.99 0.93 ± 0.28 0.83 1.16 ± 0.16 0.57 0.97 ± 0.31 0.92 
Melezitose  1.00 ± 0.39 0.73 ± 0.23 0.56 3.71 ± 0.77 0.38 0.91 ± 0.19 0.86 2.86 ± 0.72 0.35 
Melibiose MX1  1.00 ± 0.26 1.14 ± 0.12 0.65 1.44 ± 0.38 0.50 0.91 ± 0.44 0.85 1.46 ± 0.13 0.24 
Melibiose MX2  1.00 ± 0.23 1.01 ± 0.37 0.98 1.32 ± 0.10 0.27 0.90 ± 0.26 0.78 0.76 ± 0.19 0.46 
myo-Inositol   1.00 ± 0.13 1.51 ± 0.21 0.05 1.48 ± 0.18 0.15 1.10 ± 0.18 0.67 1.19 ± 0.21 0.50 
Rhamnose  1.00 ± 0.09 1.24 ± 0.16 0.32 1.28 ± 0.21 0.36 0.70 ± 0.10 0.05 1.01 ± 0.12 0.92 
Ribitol  1.00 ± 0.10 0.97 ± 0.15 0.88 1.09 ± 0.27 0.77 0.85 ± 0.13 0.36 1.10 ± 0.12 0.57 
Saccharic acid   1.00 ± 0.25 1.20 ± 0.12 0.50 0.95 ± 0.12 0.87 0.94 ± 0.05 0.84 0.81 ± 0.24 0.59 
Sorbitol  1.00 ± 0.06 2.70 ± 0.36 0.13 1.44 ± 0.16 0.11 0.99 ± 0.29 0.97 3.29 ± 0.54 0.19 
Sucrose  1.00 ± 0.12 2.73 ± 0.54 0.29 1.33 ± 0.19 0.27 1.08 ± 0.14 0.68 1.14 ± 0.16 0.53 
Xylose MX2  1.00 ± 0.12 2.14 ± 0.26 0.09 1.38 ± 0.17 0.19 1.01 ± 0.17 0.96 0.99 ± 0.10 0.95 
                    
FATTY ACIDS                    
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Heptadecanoic acid   1.00 ± 0.18 2.24 ± 0.37 0.19 6.54 ± 0.69 0.27 1.43 ± 0.08 0.12 2.45 ± 0.26 0.05 
Hexdecanoic acid    1.00 ± 0.15 2.23 ± 0.36 0.18 1.70 ± 0.41 0.36 1.47 ± 0.04 0.05 1.77 ± 0.34 0.21 
Octacosanoic acid   1.00 ± 0.35 0.63 ± 0.13 0.35 0.87 ± 0.12 0.74 0.85 ± 0.12 0.73 0.70 ± 0.05 0.50 
Octadecadienoic acid, 9,12-(Z,Z)   1.00 ± 0.23 1.64 ± 0.29 0.27 1.28 ± 0.36 0.60 1.94 ± 0.21 0.08 1.38 ± 0.14 0.28 
Octadecanoic acid   1.00 ± 0.06 1.55 ± 0.26 0.22 1.44 ± 0.23 0.23 1.35 ± 0.09 0.04 1.32 ± 0.22 0.26 
                    
STEROLS                     
beta-Sitosterol   1.00 ± 0.14 1.21 ± 0.24 0.54 1.19 ± 0.30 0.64 1.24 ± 0.07 0.25 1.42 ± 0.16 0.16 
Campesterol   1.00 ± 0.17 1.30 ± 0.27 0.48 1.12 ± 0.24 0.72 1.26 ± 0.10 0.31 1.22 ± 0.18 0.47 
Cholesterol   1.00 ± 0.51 1.06 ± 0.51 0.94 2.63 ± 0.44 0.25 0.53 ± 0.15 0.48 1.63 ± 0.67 0.59 
Lanosta-8,24-dien-3-beta-ol   1.00 ± 0.24 0.89 ± 0.17 0.71 1.05 ± 0.33 0.91 1.38 ± 0.24 0.38 1.05 ± 0.16 0.88 
Stigmasterol   1.00 ± 0.16 1.16 ± 0.24 0.64 1.15 ± 0.20 0.62 1.18 ± 0.12 0.46 1.22 ± 0.19 0.46 
                    
OTHER COMPOUNDS                     
2-Monolinoleylglycerol 1.00 ± 0.24 1.48 ± 0.28 0.36 1.83 ± 0.20 0.11 1.64 ± 0.46 0.39 1.50 ± 0.32 0.36 
4-Courmaric acid 1.00 ± 0.48 1.36 ± 0.55 0.70 2.03 ± 0.49 0.39 1.54 ± 0.72 0.64 0.46 ± 0.25 0.38 
Adenosine-5-monophosphate   1.00 ± 0.54 0.59 ± 0.81 0.59 1.28 ± 0.52 0.76 0.96 ± 0.88 0.97 0.78 ± 0.87 0.81 
Adenosine   1.00 ± 0.32 1.21 ± 0.46 0.76 1.91 ± 0.12 0.06 1.35 ± 0.55 0.65 1.60 ± 0.22 0.26 
Allantoin   1.00 ± 0.11 136.38 ± 0.70 0.21 56.03 ± 0.58 0.14 26.55 ± 0.96 0.28 61.94 ± 0.26 0.01 
Butyro-lactam   1.00 ± 0.31 1.13 ± 0.33 0.80 1.09 ± 0.32 0.86 1.69 ± 0.14 0.16 1.49 ± 0.06 0.25 
Ethanolamine 1.00 ± 0.35 1.62 ± 0.49 0.51 2.13 ± 0.19 0.08 5.88 ± 0.63 0.18 1.20 ± 0.37 0.73 
Guanine   1.00 ± 0.58 0.98 ± 0.15 0.97 2.22 ± 0.58 0.42 2.33 ± 0.74 0.44 1.08 ± 0.29 0.91 
Guanosine   1.00 ± 0.59 1.41 ± 0.21 0.55 2.44 ± 0.41 0.26 3.06 ± 0.81 0.39 2.39 ± 0.43 0.26 
Glycerol-3-P DL   1.00 ± 0.17 0.63 ± 0.13 0.10 0.78 ± 0.28 0.46 0.76 ± 0.15 0.34 0.70 ± 0.19 0.26 
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α-Tocopherol   1.00 ± 0.33 0.95 ± 0.39 0.92 0.85 ± 0.14 0.68 0.89 ± 0.12 0.79 0.62 ± 0.12 0.38 
γ-Tocopherol   1.00 ± 0.27 0.87 ± 0.35 0.76 1.90 ± 0.20 0.10 0.84 ± 0.15 0.65 0.62 ± 0.06 0.29 
Phosphoric acid monomethyl ester   1.00 ± 0.10 1.18 ± 0.18 0.47 0.87 ± 0.10 0.34 1.16 ± 0.09 0.32 1.05 ± 0.23 0.83 
Salicylaldehyde-beta-D-glucoside  1.00 ± 0.09 1.19 ± 0.33 0.66 1.43 ± 0.11 0.05 1.25 ± 0.19 0.32 1.22 ± 0.24 0.44 
Threonic acid-1,4 lactone   1.00 ± 0.12 0.92 ± 0.27 0.79 1.10 ± 0.21 0.70 0.81 ± 0.21 0.39 0.78 ± 0.20 0.31 
Tryptamine,5-hydroxy   1.00 ± 0.38 1.63 ± 0.58 0.56 0.96 ± 0.46 0.94 2.53 ± 0.45 0.20 2.46 ± 0.17 0.05 
Uridine   1.00 ± 0.41 1.46 ± 0.18 0.38 1.91 ± 0.34 0.28 1.27 ± 0.53 0.73 1.43 ± 0.24 0.49 
                    
UNKNOWNS                     
UN1_7.831_258  1.00 ± 0.35 0.70 ± 0.46 0.56 1.10 ± 0.50 0.88 1.05 ± 0.37 0.92 0.52 ± 0.13 0.30 
UN10_17.275_307  1.00 ± 0.37 0.67 ± 0.41 0.51 0.63 ± 0.40 0.45 0.67 ± 0.22 0.50 0.97 ± 0.09 0.94 
UN11_18.108_231  1.00 ± 0.14 4.11 ± 0.75 0.35 0.92 ± 0.15 0.70 0.79 ± 0.15 0.33 0.95 ± 0.17 0.82 
UN12_18.792_276  1.00 ± 0.16 2.82 ± 0.23 0.03 1.63 ± 0.38 0.37 1.15 ± 0.08 0.48 3.06 ± 0.26 0.03 
UN13_18.913_333  1.00 ± 0.54 0.36 ± 0.16 0.29 1.63 ± 0.44 0.51 1.12 ± 0.41 0.88 0.66 ± 0.36 0.63 
UN14_19.530_276  1.00 ± 0.14 1.42 ± 0.20 0.23 2.18 ± 0.29 0.12 1.46 ± 0.26 0.25 1.06 ± 0.28 0.84 
UN15_19.613_369  1.00 ± 0.54 1.55 ± 0.51 0.58 4.39 ± 0.42 0.13 2.23 ± 0.54 0.35 5.83 ± 0.44 0.08 
Un16_19.830_361  1.00 ± 0.11 1.42 ± 0.22 0.26 1.22 ± 0.44 0.70 0.91 ± 0.38 0.79 1.59 ± 0.07 0.01 
UN17_20.219_305  1.00 ± 0.50 2.61 ± 0.42 0.23 3.04 ± 0.25 0.07 1.08 ± 0.59 0.92 6.37 ± 0.38 0.05 
UN18_20.352_333  1.00 ± 0.08 1.93 ± 0.30 0.17 1.85 ± 0.30 0.18 0.88 ± 0.18 0.51 1.72 ± 0.24 0.10 
UN19_20.607_382  1.00 ± 0.76 2.92 ± 0.49 0.28 3.54 ± 0.43 0.19 1.66 ± 0.31 0.54 2.88 ± 0.43 0.23 
UN20_21.863_332  1.00 ± 0.47 1.13 ± 0.33 0.84 1.23 ± 0.28 0.70 0.90 ± 0.48 0.88 0.49 ± 0.12 0.40 
UN21_22.185_379  1.00 ± 0.63 4.22 ± 0.35 0.09 3.37 ± 0.12 0.02 2.28 ± 0.57 0.38 5.27 ± 0.14 0.01 
UN22_21.296_361  1.00 ± 0.12 1.75 ± 0.17 0.06 1.57 ± 0.31 0.30 1.31 ± 0.51 0.61 1.67 ± 0.08 0.02 
UN23_22.585_447  1.00 ± 0.65 0.50 ± 0.14 0.47 0.59 ± 0.25 0.56 0.80 ± 0.20 0.81 0.43 ± 0.16 0.49 
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UN24_22.826_371  1.00 ± 0.41 0.85 ± 0.14 0.74 1.23 ± 0.11 0.61 2.75 ± 0.47 0.20 0.84 ± 0.06 0.75 
UN25_23.429_477  1.00 ± 0.07 1.13 ± 0.19 0.60 0.97 ± 0.05 0.75 1.03 ± 0.10 0.80 0.99 ± 0.16 0.96 
UN26_23.647_318  1.00 ± 0.14 1.03 ± 0.38 0.94 1.52 ± 0.19 0.16 0.75 ± 0.53 0.53 0.07 ± 0.11 0.00 
UN27_24.080_389  1.00 ± 0.07 0.80 ± 0.45 0.61 0.94 ± 0.03 0.44 1.18 ± 0.20 0.45 0.66 ± 0.08 0.01 
UN28_24.174_392  1.00 ± 0.16 1.08 ± 0.34 0.85 1.10 ± 0.11 0.64 0.99 ± 0.15 0.95 1.10 ± 0.21 0.74 
UN29_24.274_444  1.00 ± 0.11 1.75 ± 0.16 0.05 1.95 ± 0.25 0.11 1.52 ± 0.44 0.40 2.08 ± 0.15 0.01 
UN3_10.112_248  1.00 ± 0.12 1.03 ± 0.23 0.90 0.83 ± 0.13 0.34 1.11 ± 0.01 0.46 1.00 ± 0.15 0.99 
UN30_24.351_436  1.00 ± 0.11 1.90 ± 0.17 0.04 2.12 ± 0.25 0.08 1.64 ± 0.47 0.37 2.16 ± 0.15 0.01 
UN31_25.007_348  1.00 ± 0.27 0.65 ± 0.31 0.34 1.12 ± 0.32 0.80 0.72 ± 0.06 0.41 0.63 ± 0.21 0.32 
UN32_25.118_357  1.00 ± 0.32 0.55 ± 0.33 0.27 0.67 ± 0.43 0.48 0.62 ± 0.19 0.37 0.44 ± 0.19 0.21 
UN33_25.362_342  1.00 ± 0.15 0.95 ± 0.27 0.87 1.38 ± 0.28 0.39 1.09 ± 0.09 0.65 1.09 ± 0.30 0.80 
UN34_25.418_383  1.00 ± 0.38 1.57 ± 0.54 0.57 1.25 ± 0.27 0.64 0.50 ± 0.29 0.33 0.38 ± 0.22 0.23 
UN35_25.639_383  1.00 ± 0.42 2.84 ± 0.35 0.14 1.93 ± 0.49 0.41 1.29 ± 0.51 0.71 1.75 ± 0.11 0.21 
UN36_25.811_315  1.00 ± 0.36 6.09 ± 0.74 0.31 1.72 ± 0.47 0.45 2.24 ± 0.50 0.28 12.14 ± 0.36 0.03 
UN37_26.107_319  1.00 ± 0.16 0.98 ± 0.18 0.94 0.98 ± 0.08 0.93 0.90 ± 0.16 0.67 0.81 ± 0.08 0.37 
UN38_26.229_385  .00 ± 0.17 1.04 ± 0.20 0.90 1.21 ± 0.10 0.35 0.73 ± 0.10 0.26 0.77 ± 0.10 0.32 
UN39_26.340_387  1.00 ± 0.81 2.65 ± 0.54 0.36 1.55 ± 0.84 0.73 3.31 ± 0.19 0.09 4.34 ± 0.09 0.02 
UN4_14.465_234  1.00 ± 0.09 1.02 ± 0.26 0.96 1.00 ± 0.12 0.98 1.01 ± 0.23 0.96 1.00 ± 0.26 0.99 
UN40_27.084_331  1.00 ± 0.18 2.23 ± 0.42 0.25 1.52 ± 0.19 0.18 0.89 ± 0.43 0.79 1.66 ± 0.23 0.14 
UN41_27.284_375  1.00 ± 0.15 2.33 ± 0.26 0.08 1.56 ± 0.11 0.04 0.93 ± 0.30 0.83 1.44 ± 0.23 0.23 
UN42_28.162_387  1.00 ± 0.31 1.71 ± 0.08 0.08 1.60 ± 0.30 0.33 1.09 ± 0.30 0.86 0.75 ± 0.12 0.54 
UN43_28.225_369  1.00 ± 0.35 1.02 ± 0.23 0.96 1.60 ± 0.33 0.37 2.44 ± 0.71 0.38 1.45 ± 0.34 0.48 
UN44_28.562_361  1.00 ± 0.12 0.72 ± 0.21 0.19 0.77 ± 0.14 0.20 0.71 ± 0.14 0.13 0.77 ± 0.11 0.20 
UN45_28.695_361  1.00 ± 0.22 0.92 ± 0.38 0.85 1.31 ± 0.24 0.45 0.97 ± 0.20 0.93 0.65 ± 0.18 0.27 
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UN46_28.784_451  1.00 ± 0.09 0.82 ± 0.28 0.48 1.06 ± 0.09 0.65 1.29 ± 0.21 0.30 0.95 ± 0.17 0.80 
UN47_29.249_375  1.00 ± 0.27 1.07 ± 0.28 0.87 1.26 ± 0.36 0.63 1.29 ± 0.12 0.44 1.41 ± 0.18 0.34 
UN48_29.762_375  1.00 ± 0.06 12.07 ± 0.53 0.13 5.85 ± 0.75 0.31 14.70 ± 0.52 0.08 15.86 ± 0.47 0.06 
UN49_30.495_361  1.00 ± 0.12 2.16 ± 0.42 0.25 1.81 ± 0.25 0.13 0.98 ± 0.32 0.96 1.46 ± 0.47 0.47 
UN5_14.986_233  1.00 ± 0.20 0.79 ± 0.24 0.48 1.20 ± 0.32 0.67 0.39 ± 0.29 0.06 0.44 ± 0.10 0.06 
UN50_30.651_450  1.00 ± 0.27 0.83 ± 0.14 0.59 0.87 ± 0.16 0.69 0.82 ± 0.16 0.62 0.82 ± 0.10 0.61 
UN51_31.295_355  1.00 ± 0.13 0.99 ± 0.22 0.96 1.62 ± 0.12 0.04 1.30 ± 0.40 0.54 0.86 ± 0.16 0.50 
UN52_31.428_397  1.00 ± 0.11 3.47 ± 0.52 0.22 2.41 ± 0.15 0.01 2.54 ± 0.37 0.11 0.99 ± 0.11 0.98 
UN53_31.606_333  1.00 ± 0.20 0.82 ± 0.04 0.41 1.31 ± 0.17 0.35 0.76 ± 0.26 0.45 0.79 ± 0.05 0.43 
UN56_32.573_267  1.00 ± 0.50 0.61 ± 0.34 0.50 0.87 ± 0.40 0.84 0.43 ± 0.27 0.39 0.56 ± 0.07 0.49 
UN57_32.684_443  1.00 ± 0.24 0.83 ± 0.35 0.66 1.66 ± 0.25 0.22 0.92 ± 0.16 0.81 0.57 ± 0.19 0.21 
UN58_32.839_281  1.00 ± 0.37 1.23 ± 0.53 0.77 1.19 ± 0.29 0.72 0.66 ± 0.13 0.47 0.48 ± 0.24 0.30 
UN59_33.861_373  1.00 ± 0.33 0.46 ± 0.29 0.18 0.87 ± 0.42 0.80 0.68 ± 0.10 0.45 0.43 ± 0.20 0.21 
UN6_15.708_334  1.00 ± 0.11 0.61 ± 0.34 0.15 1.11 ± 0.16 0.63 0.85 ± 0.14 0.41 0.70 ± 0.06 0.07 
UN60_33.917_327  1.00 ± 0.49 1.92 ± 0.36 0.32 3.45 ± 0.47 0.20 1.16 ± 0.89 0.88 0.45 ± 0.80 0.44 
UN61_34.139_371  1.00 ± 0.45 1.00 ± 0.35 1.00 0.72 ± 0.19 0.57 0.46 ± 0.51 0.39 0.19 ± 0.31 0.19 
UN62_34.350_425  1.00 ± 0.52 0.61 ± 0.05 0.48 0.61 ± 0.31 0.50 0.41 ± 0.17 0.38 0.60 ± 0.13 0.55 
UN63_34.695_440  1.00 ± 0.59 0.51 ± 0.25 0.45 0.14 ± 0.34 0.20 0.19 ± 0.65 0.31 0.14 ± 0.14 0.28 
UN64_35.250_408  1.00 ± 0.84 1.60 ± 0.35 0.57 0.22 ± 0.29 0.40 1.13 ± 0.69 0.92 1.29 ± 0.85 0.84 
UN7_16.341_334  1.00 ± 0.05 1.18 ± 0.18 0.45 0.95 ± 0.15 0.78 0.85 ± 0.11 0.20 0.98 ± 0.23 0.92 
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After glufosinate treatment, a statistically significant accumulation in the relative 
concentration was observed in several amino acids, organic acids and sterols in all the 3 
glufosinate-treated wild types (WT 8-4A, WT 9-1B and WT 9-2B) based on fold change 
comparisons with all 3 wild type cultivars at baseline conditions (without glufosinate 
treatment) (Table S3.1, Appendix). However, the relative concentrations of metabolites in 
the class of sugars, fatty acids and other compounds were either significantly increased 
(ribitol, sucrose, octadecanoic acid, allantoin and γ-tocopherol) or significantly decreased (1-
kestose, fructose-6-phosphate, mannose-6-phosphate, glyceric acid, phosphoric acid and 
threonic acid-1,4 lactone) in the 3 glufosinate-treated wild type cultivars compared to the 3 
wild type cultivars at baseline conditions (Table S3.1, Appendix). All 3 glufosinate-treated 
wild type cultivars only shared the same response to glufosinate treatment by accumulating 4 
amino acids [isoleucine (10.82-25.81 fold), phenylalanine (12.77-20.57 fold), proline (2.68-
3.87fold) and serine (4.60-4.65 fold)] and 8 organic acids [(2,4-dihydroxybutanoic acid (9.65-
13.65 fold), cis-aconitic acid (5.11-6.53 fold), erythronic acid (2.33-3.04 fold), fumaric acid 
(4.81-7.01 fold), galacturonate (88.45-156.93 fold), gluconate (2.08-6.27 fold), gulonic acid 
(15.45-21.33 fold) and malonic acid (5.92-7.35 fold)]. However, the relative concentrations 
of 2 sugars [fructose-6-phosphate (0.05-0.11fold) and mannose-6-P (0.21-0.32 fold] were 
decrease in the 3 glufosinate-treated wild type cultivars comparing to the respective wild type 
samples at baseline conditions (without glufosinate treatment) (Table S3.1, Appendix). In 
conclusion, a total 40 identified compounds were found to be significantly different between 
the treated and non-treated wild type buffalo grasses with only 14 of them were consistently 
detected across all 3 wild type cultivars 
 
For all 4 HR cultivars, a total of 19 identified compounds were significantly altered in 
response to glufosinate treatment when comparing the relative concentration of these 
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compounds in glufosinate-treated 93-1A, 93-2B, 93-3C and 93-5A with the 4 respective 
HR samples at baseline conditions. In contrast, as many as 17 compounds were 
significantly different in the relative concentrations between glufosinate-treated and 
baseline samples in the weakest HR line, 93-2B alone (Table S3.2, Appendix). No statistical 
different compounds were common in all 4 glufosinate-treated HR varieties. If considered 
only the 3 stronger HR grasses (93-1A, 93-3C and 93-5A), glufosinate treatment merely 
caused significant differences in the relative concentrations between glufosinate-treated and 
the baseline HR samples with respect to 4 metabolites. Quinic acid was statistically 
significantly increased (1.758 fold) in glufosinate-treated 93-3C whereas 2 metabolites were 
significantly reduced [salicylic acid (0.385 fold in glufosinate-treated 93-3C) and 
octadecanoic acid (0.712 fold in glufosinate-treated 93-5A)] (Table S3.2, Appendix). 
Interestingly, glyceric acid-3-P was increased (2.166 fold) in glufosinate-treated 93-3C and 
decreased (0.524 fold) in glufosinate-treated 93-1A in comparison to the respective HR lines 
at baseline conditions. Relatively small numbers of compounds with significant difference in 
the relative concentrations between glufosinate-treated and baseline samples (3 stronger HR 
lines) indicated the effectiveness of the pat gene to protect these 3 HR grasses in comparison 
to the wild type cultivars. Only the weakest HR, 93-2B showed 17 metabolites with 
significant difference in the relative concentrations between the glufosinate-treated and the 
baseline samples (Table S3.2, Appendix), suggesting tremendous effects of glufosinate 
application on primary metabolism of 93-2B.  
 
When comparing the relative concentrations of the parental wild type (WT 9-1B) to each of 
the 4 HR cultivar after glufosinate treatments, a total 32 metabolites were found to be 
statistically different (p < 0.05) for at least one of the HR cultivars (Table S3.3, Appendix). 
This fold change comparison also revealed a variation in metabolism among the HR grasses 
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in response to the combinatorial effects of the pat gene insertion and glufosinate treatment. 
The analysis showed that both WT 9-1B and the weakest HR line, 93-2B responded to the 
glufosinate treatment in a similar fashion because only 4 metabolites were found to be 
significantly increased (p < 0.05) in the glufosinate-treated 93-2B compared to glufosinate-
treated WT 9-1B [sucrose (1.51 fold), fructose-6-P (3.28 fold), melibiose (1.97 fold) and 
xylose (4.44 fold)]  (Table S3.3, Appendix). In contrast, when the metabolome of the 3 
stronger HR lines exposed to glufosinate treatment were compared with glufosinate-treated 
WT 9-1B, as many as 11, 13 and 24 identified metabolites showed significant differences (p 
< 0.05) in the relative concentrations in the glufosinate-treated 93-1A, 93-3C and 93-5A, 
respectively (Table S3.3, Appendix). A relatively higher number of metabolites that showed 
significant differences (p < 0.05) in the relative concentrations of the glufosinate-treated 
samples between the 3 stronger HR lines and WT 9-1B suggested a pronounced effect of 
glufosinate on the wild type but not on these 3 HR grasses.  
 
In addition, a relatively higher resistance of the 3 HR lines in maintaining their metabolism in 
response to glufosinate treatment could be demonstrated by comparing the glufosinate-
treated samples (only 3 stronger HR lines) with WT 9-1B at baseline conditions (Table 
S3.4, Appendix). If the HR grasses were protected by the PAT enzyme produced from the 
inserted gene, glufosinate was expected to render only a negligible effect on the HR grasses. 
Therefore, metabolism of glufosinate-treated HR varieties should remain constant and similar 
to those measured from both HR and wild type at baseline conditions (without glufosinate 
treatment). Only 9 out of 91 compounds from glufosinate-treated 93-1A, 93-2B and 93-5A 
were significantly increased in their relative concentrations (including 5 organic acids: 4-
hydroxybenzoic acid, 2-oxoglutaric acid, malic acid, quinic acid and succinic acid; 2 sugar 
alcohols: galactitol and sorbitol; and 2 other compounds: allantoin and phosphoric acid 
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salicylaldehyde-β-D-glucoside) compared to the baseline WT 9-1B. In addition, 7 
compounds were significantly decreased (p < 0.05) in the relative concentrations (including 1 
amino acid: lysine; 3 organic acids: galacturonate, oxalic acid, phosphoric acid monomethyl 
ester and sulfuric acid; and 2 fatty acids: hexadecanoic acid and octadecanoic acid) (Table 
S3.4, Appendix). In contrast, the glufosinate-treated 93-2B alone exhibited 21 metabolites 
with significant difference (p < 0.05) in the relative concentrations in comparison to WT 9-
1B at baseline conditions (without glufosinate treatment) (Table S3.4, Appendix).  
 
3.3.4 Multivariate analyses  
 
Multivariate analysis of wild type and transgenic HR buffalo grasses were conducted, using 
Principal Component Analysis (PCA). The results showed that both the 3 wild types (WT 8-
4A, WT 9-1B and WT 9-2B) and 4 HR varieties (93-1A, 93-2B, 93-3C and 93-5A) clustered 
together, suggesting minimal variation in primary metabolism between these 7 grass varieties 
at baseline conditions (Fig. 3.3A). 
 
When the grasses were challenged with the glufosinate treatment, all 3 wild type cultivars 
were clustered separately from the 3 stronger HR cultivars (highlighted in green) in the 
PCA scores plot (Fig. 3.3B). Only the HR line, 93-2B clustered in the same group with the 3 
glufosinate-treated wild types, indicating a minimal difference in glufosinate response 
between 93-2B and the 3 wild types. Hence, this finding seemed to explain why 93-2B was 
more sensitive to glufosinate treatment compared to other 3 HR buffalo grasses as observed 
in Fig. 3.1E. 
 
 
Chapter 3 
109 
 
  
 
 
 
 
 
 
 
 
 
 
 
Figure 3.3 PCA scores plot comparing 4 transgenic herbicide resistant (HR) and 3 wild type (WT) buffalo grasses. A) at base line conditions 
(without glufosinate treatment) (_control). B) in response to glufosinate (_Glu) treatment.
A) B) 
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When analyzing all treatment groups (combining Fig. 3.3 A and B), it can clearly be 
observed that only all 3 wild type and 93-2B grasses treated with glufosinate was different 
from other groups of samples (all baseline samples and glufosinate-treated 93-1A, 93-3C 
and 93-5A) on PC1 (Fig. 3.4A). The clustering of the latter groups of samples (glufosinate-
treated of 3 HR lines with all the baseline samples) indicated that despite being subjected to 
5% (v:v) of glufosinate treatment (ten folds above the recommended dose), the primary 
metabolism of HR buffalo grasses remained relatively constant. This fact confirmed the 
effectiveness of the inserted pat gene to protect the 3 stronger HR buffalo grasses from 
glufosinate application. The exception was observed in the weakest HR line, 93-2B exposed 
to glufosinate treatment which displayed a tight clustering with all glufosinate-treated wild 
type cultivars on PC1 between 10 and 20 (Fig. 3.3 B). 
 
Interestingly, a biplot (Fig. 3.4 B) accompanied with the PCA scores plot (Fig. 3.4 A) 
revealed 6 unique compounds (galacturonate, isoleucine and phenylalanine and unknown 7, 
14 and 19) strongly contributed to the differentiation of the glufosinate-treated of all wild 
type and 93-2B cultivars from other groups of samples (Fig. 3.4B). The mass spectral 
fragmentations of unknowns 7, 14 and 19 were searched in National Institute of Standards 
and Technology (NIST), using automated GC-MS via AMDIS (Automated Mass Spectral 
Deconvolution and Identification System) (www.amdis.net). The results suggested the 
putative identification of metabolites for unknown 19 to be L-tyrosine. However, the 
information gained from the analysis of authentic standard of L-tyrosine, using the same GC-
MS system did not confirm its identification. As a result, other elucidation approaches such 
as NMR analysis of the purified extract may be required to identify unknown 19 (also 
unknown 7 and 14) in the future research. A detailed data analysis showed that these 6 
compounds significantly increased (p < 0.05) in all 3 wild type varieties in response to   
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Figure 3.4 PCA of GC-MS untargeted profiling results from a comparison between herbicide resistant (HR) and wild type (WT) buffalo grasses 
with (Glu)and without glufosinate treatment (control). A) Scores plot and B) Biplot. NB: Green circle indicates the metabolites strongly 
contribute to the separation of 3 glufosinate-treated wild type and glufosinate-treated 93-2B. 
A) 
B) 
Chapter 3 
112 
 
glufosinate treatment (Table 3.2). When compared between the glufosinate-treated WT 9-
1B with all 4 glufosinate-treated HR varieties, these unique compounds had increased levels 
in WT 9-1B and the weakest HR line, 93-2B with respect to 93-1A 93-3C and 93-5A (Table 
3.3).  
 
3.3.5 Analysis at the metabolic pathway level of wild type and HR buffalo grasses 
 
3.3.5.1 Heatmap comparative analysis 
 
Changes in primary metabolisms were visualized using a heat map analysis. A distinctive 
pattern of metabolite profiles emerged from all 3 wild type cultivars and the weakest HR 
cultivar, 93-2B after these 4 cultivars were exposed to glufosinate treatment (Fig. 3.5). The 
key features of this metabolic pattern observed were the reduction in 7 compounds consisting 
of 3 sugars (1-kestose, fructose-6-P and mannose-6-P), 1 organic acid (glyceric acid-3-P) and 
3 unknown compounds (unknown 4, 6 and 23) (Fig. 3.6A) and an accumulation of 25 
compounds including 8 amino acids (asparagine, homoserine, isoleucine, phenylalanine, 
proline, serine, tyrosine and valine), 10 organic acids (4-hydroxybenzoic acid, erythronic 
acid, fumaric acid, galacturonate, gluconate, gluconic acid-1,4, glutaric acid, gulonic acid, 
pipecolic acid and succinic acid) and 6 unknown compounds (unknown 7, 9, 10, 14, 15 and 
19) (Fig. 3.6 B). For the remaining groups of samples [all baseline samples (without 
glufosinate treatment) and glufosinate-treated of 3 stronger HR lines (93-1A, 93-2B, 93-3C 
and 93-5A)], their respective primary metabolism demonstrated a random expression and 
therefore, no obvious patterns could be formulated from the heat map (Fig. 3.5). 
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Table 3.2 Metabolites strongly contributing to the variation leading to the separation of the wild type treated with glufosinate from other groups 
of samples based on PCA in Fig. 3.4. Metabolites with significant difference (p < 0.05) in the relative concentrations between the glufosinate-
treated and baseline samples of 3 wild type varieties: WT 8-4A, WT 9-1B and WT 9-2B were calculated based on student‘s t-test with 
Bonferroni corrected for each metabolite (highlighted in green). NB: SEM = standard error of the mean and x-fold = fold change of the relative 
concentrations of metabolites observed in each wild type varieties with and without glufosinate treatment. 
Cultivars WT 8-4A WT 9-1B WT 9-2B 
  x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test 
Galacturonate 88.457 ± 0.638 0.021 153.590 ± 0.233 0.004 156.930 ± 0.064 0.000 
Isoleucine   25.812 ± 0.759 0.045 10.824 ± 0.236 0.006 13.260 ± 0.126 0.000 
Phenylalanine    20.573 ± 0.355 0.002 12.775 ± 0.367 0.031 17.575 ± 0.093 0.000 
UN7_16.341_334  68.738 ± 0.495 0.007 67.204 ± 0.366 0.024 60.143 ± 0.196 0.002 
UN14_19.530_276  58.692 ± 0.463 0.005 86.396 ± 0.012 0.000 97.538 ± 0.124 0.000 
UN19_20.607_382  226.216 ± 0.659 0.023 125.973 ± 0.085 0.000 108.018 ± 0.351 0.020 
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Table 3.3 Metabolites strongly contributing variation leading to the separation of the wild type treated with glufosinate from other groups of 
samples based on PCA in Fig. 3.4. Metabolites with significant difference (p < 0.05) in the relative concentrations between the glufosinate-
treated 93-1A, 93-2B, 93-3C and 93-5A) and glufosinate-treated WT 9-1B were calculated based on student‘s t-test with Bonferroni corrected 
for each metabolite (highlighted in green). NB: SEM = standard error of the mean and x-fold = fold change of the relative concentrations of 
metabolites observed in each HR buffalo grasses as compared its parental line.  
Cultivars WT 9-1B 93-1A 93-2B 93-3C 93-5A 
 x-folds  SEM x-fold  SEM t-test x-fold   SEM t-test x-fold   SEM t-test x-fold  SEM t-test 
Galacturonate 1.000 ± 0.233 0.081 ± 0.547 0.018 0.936 ± 0.348 0.887 0.027 ± 0.359 0.048 0.042 ± 0.760 0.005 
Isoleucine 1.000 ± 0.236 0.135 ± 0.271 0.022 0.943 ± 0.352 0.901 0.105 ± 0.255 0.061 0.089 ± 0.196 0.006 
Phenylalanine    1.000 ± 0.367 0.110 ± 0.396 0.073 0.976 ± 0.385 0.967 0.067 ± 0.015 0.143 0.069 ± 0.400 0.029 
UN7_16.341_334  1.000 ± 0.366 0.031 ± 0.216 0.057 0.647 ± 0.298 0.397 0.030 ± 0.068 0.132 0.029 ± 0.302 0.025 
UN14_19.530_276  1.000 ± 0.012 0.097 ± 0.465 0.000 1.632 ± 0.249 0.245 0.181 ± 0.156 0.000 0.130 ± 0.885 0.000 
UN19_20.607_382  1.000 ± 0.085 1.076 ± 0.429 0.879 0.669 ± 0.226 0.146 0.625 ± 0.142 0.061 0.732 ± 0.482 0.417 
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Fig. 3.5 Heat map presenting GC-MS 
untargeted profiling of HR cultivars at 
baseline conditions (HR_control), 
glufosinate-treated HR cultivars (HR_Glu), 
wild type cultivars at baseline conditions 
(WT_control) and glufosinate-treated wild 
type cultivars (WT_Glu). A) red box 
indicates a set of metabolites with 
substantially decreased relative 
concentrations in the glufosinate-treated of 
3 wild type and 93-2Bcultivars and B) blue 
box indicates a set of metabolites with 
substantially increased relative 
concentrations in the glufosinate-treated of 
3 wild type and 93-2Bcultivars 
A)
) 
B) 
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Figure 3.6 Enlarged portions of the heat map (Fig. 3.5). A) red box indicates a set of metabolites with substantially decreased relative 
concentrations in the glufosinate-treated of 3 wild type and 93-2Bcultivars. B) blue box indicates a set of metabolites with substantially 
increased relative concentrations in the glufosinate-treated of 3 wild type and 93-2B cultivars 
A) 
B) 
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3.3.5.2 Pathway visualization of the relationship among identified compounds 
 
A connection between a series of metabolites detected in a metabolomics data was visualized 
by attempting to map all identified compounds into a pre-defined pathway. However, only 91 
out of 137 identified compounds were able to be mapped onto global metabolic pathways 
downloaded from KEGG database (https://www.kegg.jp/kegg). Based on the relative 
concentrations of each metabolite, respective metabolic pathways in response to the effect of 
the pat gene insertion as well as additional glufosinate treatment could be observed. To focus 
only the impact of the inserted pat gene, relative concentrations obtained from the baseline 
samples (without glufosinate treatment) were selected to create a metabolic map (Fig. 3.7). 
According to the metabolic map, relative concentrations of most metabolites were found to be 
similar across all 7 buffalo grass cultivars at baseline conditions. This notion was in line with 
the fold change analysis which detected only 6 out of 137 identified compounds that showed 
significant differences in their relative concentrations between WT 9-1B and all 4 HR 
varieties at baseline conditions (Table 3.1). There were differences in the relative 
concentrations of some metabolites between 7 buffalo grass varieties (e.g. a sharp increase in 
ethanolamine and homoserine in 93-3A) but these variances were likely due to natural 
fluctuations arisen from either technical and biological replicates as evident from relatively 
large standard error (SE) (Fig. 3.7). 
 
An alternate set of data obtained from glufosinate-treated samples were also mapped to 
visualize the metabolic responses of 7 buffalo grass cultivars in response to the combinatorial 
effects of the pat gene insertion and glufosinate treatment (Fig. 3.8). The impact of the 
application of glufosinate caused all 3 wild type and 93-2B cultivars to accumulate most of 
the amino acids which were derived from aspartic acid (asparagine, homoserine, isoleucine,  
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Figure 3.7 Metabolic mapping of significantly different compounds (p < 0.05) detected in 
buffalo grasses without glufosinate treatment (data from Table 3.1). NB: intensity of the 
colour of the legend increased with the increased levels of glufosinate resistance, grey boxes 
= relevant metabolites included in the map to support later discussion. 
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Figure 3.8 Metabolic mapping of significantly different compounds (p < 0.05) detected in 
buffalo grasses 3 days after a single application of glufosinate treatment (data from Table 
S3.3). NB: grey boxes = relevant metabolites included in the map to support later discussion. 
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lysine and threonine) whilst aspartic acid was decrease (Fig. 3.8). Aromatic amino acids 
(phenylalanine, tyrosine and valine), which used pyruvate/phosphoenolpyruvate (PEP) as a 
precursor were also increased, considerably accumulated in all 3 glufosinate-treated wild 
type and 93-2B cultivars. Interestingly, 3 glufosinate-treated wild type and 93-2B cultivars 
showed serine to be accumulated but its precursor glyceric acid-3-P (G3P) was found to be 
decrease (Fig. 3.8). These results were in agreement with the multivariate analysis that 
identified both phenylalanine and isoleucine as the strong contributor to the separation of 3 
glufosinate-treated wild type and 93-2B cultivars from other groups of samples (all baseline 
samples and glufosinate-treated 93-1A , 93-3C and 93-5A) on the PCA scores plot (Fig. 3.4B 
and Table 3.2 and 3.3). Several intermediates of the tricarboxylic acid (TCA) cycle were 
found to be increased in the 3 glufosinate-treated wild type (particularly WT8-4A and WT 9-
1B) and 93-2B cultivars with respect to glufosinate-treated of the 3 stronger HR cultivars. 
These intermediates of the TCA cycle consisted of 2-oxoglutarate, cis-aconitic acid, fumaric 
acid, malic acid and succinic acid (Fig. 3.8). There was a heterogeneity in the responses in a 
class of sugar compounds. The relative concentrations of 3 sugars degraded from sucrose (1-
kestose, fructose-6-P and mannose-6-P) were decreased in all glufosinate-treated of 3 wild 
type and 93-2B cultivars with respect to glufosinate-treated 93-1A, 93-3A and 93-5A but 
sorbitol was increased. The relative concentrations of gulonic acid and gluconic acid which 
were derived from myo-inositol and glucose, respectively, were clearly increased in all 3 wild 
type and 93-2B cultivars as a result of glufosinate treatment (Fig. 3.8). Furthermore, the 
relative concentration of galacturonate measured from glufosinate-treated of 3 wild type and 
93-2B cultivars was significantly greater than that from glufosinate-treated 93-1A, 93-3C 
and 93-5A (Fig. 3.8). It should be noted that galacturonate is one of the crucial metabolites 
strongly contributing to the distinct separation of glufosinate-treated wild types and 93-2B 
from other groups of samples as observed in the PCA scores plots (Fig. 3.4B).  
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3.3.5.3 Identifying the effects of the pat gene insertion and glufosinate treatment on metabolic 
function 
 
A role of altered metabolites in metabolic functionalities could be collectively evaluated by a 
Metabolomics Pathway Analysis, using an open-source tool MetaboAnalyst 3.0 according to 
the instructions described by Xia et al. (2015). To conduct this analysis, the compounds 
which were significantly different in terms of relative concentrations between the parental 
wild type (WT 9-1B) and at least one of the 4 HR cultivars were selected. To investigate only 
the effects of the inserted pat gene, the relative concentrations obtained from the baseline 
samples (without glufosinate treatment) were selected (Table 3.1). In this case, the 6 
metabolites (only identified compounds) were selected from the list of metabolites that 
showed significant differences in their relative concentrations between 4 HR cultivars and 
WT 9-1B to increase precision of the analysis. These compounds consisted of cis-aconitic 
acid, allantoin, cellobiose, glyceric acid, maltose and octadecanoic acid. Subsequently, this 
subset of compounds were assigned onto any relevant metabolic pathways available in the 
Kyoto Encyclopedia of Genes and Genomes (KEGG) database (Ogata et al., 1999). It is 
important to mention that the metabolic pathway of buffalo grass (S. secundatum) is not 
present in this open-source web-based tool, therefore the analysis was performed based on the 
metabolic pathways of Oryza sativa japonica (Xia & Wishart, 2016) which is considered to 
be the closely related species to S. secundatum. The pathway analysis was carried out by 
determining a number of the selected metabolites (showing significant differences in relative 
concentrations) that matched (Hits) with a total number of corresponding metabolites in the 
pathway of interest (Total). A hypergeometric test is used to identify the significantly 
enriched KEGG pathways (Raw p) based on a number of over-representation/enriched 
metabolites presented in a given pathway (J. Chen et al., 2018). Log transformation [-log (p)] 
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of the significant value (Raw p) for each enriched pathways was calculated to normalize the 
p-value (Boos & Stefanski, 2011). False discovery rate (FDR) based on Benjamini–Hochberg 
method (Benjamini & Hochberg, 1995) represented false positive results arising from a 
multiple testing in the pathway analysis. The pathway impact score (Impact) was obtained by 
evaluating a structure of a pre-defined pathway, using a topological analysis. A degree of the 
‗relative importance‘ of the selected metabolites (our input) was depending on their ‗relative 
locations‘ in the pathway of interest (‗relative betweeness centrality test‘) (Xia et al., 2015). 
For example, if the significantly altered metabolites are located at the center of the pathway 
(crucial spot) as well as connecting to numerous nearby metabolites (hub), the effects of the 
alterations in these metabolites will be high, resulting in high impact score on the enriched 
pathways. 
 
For the baseline samples (without glufosinate treatment), the pathway analysis identified 5 
putative pathways which were possibly perturbed by the pat insertion in at least one of the 4 
HR cultivars (Table 3.1). However, none of the identified pathways was significantly 
enriched below the cut-off threshold (p < 0.05). The only likely effect of the inserted pat gene 
may be observed on glyoxylate and dicarboxylate metabolism (KEGG: Map00630) as the 
pathway impact score (0.225) was notably higher than other 4 pathways (Table 3.4).  
 
The same analysis was applied to all 4 HR buffalo grasses when compared WT 9-1B after all 
of the 7 cultivars was challenged with glufosinate applications. Because the glufosinate 
treatment induced substantial alterations in metabolism of the glufosinate sensitive wild type 
cultivars, as many as 54 total metabolites (including unknown compounds) were found to be 
significant differences in their relative concentrations between glufosinate-treated WT9-1B 
and at least of one of the 4 glufosinate-treated HR cultivars (Table S3.3, Appendix). The  
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Table 3.4 Results from the Metabolomics Pathway Analysis of HR buffalo grasses without 
glufosinate treatment. NB: Total = total number of metabolites in the pathway, Hits = 
number of metabolites from this study corresponding with those in the pathway, Raw p = 
significant value of the enriched pathway, -log(p) = log transformation of Raw p, FDR = 
false discovery rate and Impact = relative impact score. 
 
Pathways Total Hits Raw p -log(p) FDR Impact 
Glycerolipid metabolism 14 1 0.072 2.634 1.000 0.000 
Glyoxylate and dicarboxylate 
metabolism 17 1 0.087 2.446 1.000 0.225 
Tricarboxylic acid cycle (TCA cycle) 20 1 0.101 2.291 1.000 0.047 
Starch and sucrose metabolism 25 1 0.125 2.078 1.000 0.081 
Fatty acid biosynthesis 47 1 0.224 1.495 1.000 0.000 
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pathway analysis was carried out by only selecting the identified compounds so that only 32 
out of 54 compounds were selected for the pathway analysis. These 32 selected compounds 
included 1-kestose, 2-ketooctanoic acid, 2-monolinoleylglycerol, asparagine, 4-
hydroxybenzoic acid, 2,4-dihydroxybutanoic acid, cis-aconitic acid, erythronic acid, fructose-
6-P, galactitol, galacturonate, gluconate, 1,4-gluconic acid, glutamine, glutaric acid, glyceric 
acid-3-P, gulonic acid, isoleucine, malic acid, malonic acid, mannose-6-P, melibiose, 
phenylalanine, proline, quinic acid , rhamnose, ribitol, succinic acid, sucrose, threonine, 
valine and xylose. 
 
The outcome of the Metabolomics Pathway Analysis of the glufosinate-treated samples 
identified 5 significant enriched pathways (Raw p < 0.05) (Table 3.5). Aminoacyl-tRNA 
biosynthesis (KEGG: Map00970) was the most significantly enriched pathway (Raw p < 
0.001) in response to an interference which seemed to be resulted from the exclusive effects 
of glufosinate application. This enriched pathway is highly involved with biosynthesis of 
proteins. The following 3 significantly enriched pathways (alanine, aspartate and glutamate 
metabolism; valine, leucine and isoleucine biosynthesis; and nitrogen metabolism) were all 
directly involved with amino acid metabolism. The only exception was glyoxylate and 
dicarboxylate metabolism which was the least significance (Raw p = 0.048) among the 5 
enriched pathways. Instead, glyoxylate and dicarboxylate metabolism is closely linked to the 
TCA cycle and is regarded as an alternative route of the TCA cycles at anaerobic conditions, 
bypassing the electrons transport step in TCA cycle to potentially conserve carbon atoms for 
gluconeogenesis, and tolerate oxidative stress (Ahn et al., 2016). Despite relatively lower in a 
significant level compared to other 4 enriched pathways, the glyoxylate and dicarboxylate 
metabolism is likely to be highly perturbed because its impact score (0.225) is relatively 
greater than the other 4 pathways (Table 3.5). 
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Table 3.5 Results observed from the Metabolomics Pathway Analysis of HR buffalo grasses 
after glufosinate treatment. NB: Total = total number of metabolites in the pathway, Hits = 
number of metabolites from this study corresponding with those in the pathway, Raw p = 
significant value of the enriched pathway, -log(p) = log transformation of Raw p, FDR = 
false discovery rate and Impact = relative impact score. 
 
Pathways Total Hits Raw p -log (p) FDR Impact 
Aminoacyl-tRNA biosynthesis 67 7 <0.001 8.180 0.023 0.000 
Alanine, aspartate and glutamate metabolism 21 3 0.009 4.760 0.356 0.178 
Valine, leucine and isoleucine biosynthesis 26 3 0.016 4.159 0.432 0.036 
Nitrogen metabolism 16 2 0.043 3.151 0.795 0.000 
Glyoxylate and dicarboxylate metabolism 17 2 0.048 3.039 0.795 0.225 
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As mentioned earlier, this project was primarily designed to investigate the 
similarities/differences between the wild type and HR buffalo grass cultivars and to uncover 
pleotropic effects resulted from the transformation processes. The main objective of the 
investigations was to generate relevant information to determine the possibility to 
commercialize some of these 4 glufosinate-resistant buffalo grasses in the future. However, 
the consistent responses of the wild type buffalo grasses to a glufosinate application 
(observed from the significant alterations in the relative concentrations of 14 metabolites 
across all 3 wild type cultivars) were very interesting and deserved further analysis. The 14 
significantly different metabolites (see Section 3.3.3) were identified from a pairwise 
comparison between glutfosinate treated and non-treated the wild type grasses and then 
used as an input for the pathway analysis. The outcome identified 3 significant enriched 
pathways (Raw p < 0.05) (Table 3.6). Similar to the analysis of glufosinate-treated WT 9-1B 
in comparison to 4 HR cultivars, aminoacyl-tRNA biosynthesis was identified as the greatest 
significantly enriched pathway (Raw p < 0.001). 
 
This result indicates substantial effects of glufosinate on nitrogen metabolisms. Another 
significant enriched pathways were TCA cycle (Raw p < 0.012) and glyoxylate and 
dicarboxylate metabolism (Raw p < 0.024), both of which were related to central carbon 
metabolisms.   
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Table 3.6 Results observed from the Metabolomics Pathway Analysis of 3 wild type buffalo 
grasses comparing between the present and absent of glufosinate treatment. NB: Total = 
total number of metabolites in the pathway, Hits = number of metabolites from this study 
corresponding with those in the pathway, Raw p = significant value of the enriched pathway, 
-log(p) = log transformation of Raw p, FDR = false discovery rate and Impact = relative 
impact score. 
Pathways Total Hits Raw p -log (p) FDR Impact 
Aminoacyl-tRNA biosynthesis 67 4 <0.001 7.790 0.039 0.111 
Tricarboxylic acid cycle (TCA cycle) 20 2 0.012 4.448 0.556 0.077 
Glyoxylate and dicarboxylate  
metabolism 
17 2 0.024 3.732 0.759 0.045 
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3.4 Discussion 
 
3.4.1 Molecular biology and physiology of HR buffalo grasses 
 
The HR buffalo grasses were able to resist glufosinate treatment (5% v:v) well above the 
commercially recommended dose with only negligible effects of the herbicide observed (Fig. 
3.1D, E, F and G) in comparison to the wild type which showed pronounce discoloration and 
desiccation at this rate of application (Fig. 3.1A, B, C). These differences were expected 
because it is well documented that glufosinate effectively causes glutamine synthetase (GS) 
inhibition which results in substantial accumulation of ammonia (NH4
+
) to a phytotoxic level  
(Seelye et al., 1995; Wendler et al., 1990) and  severely depleting glutamine (Shelpi et al., 
1992). In addition, inhibition of GS by glufosinate applications is speculated to interrupted 
photorespiration and photosynthesis resulted in a massive production of reactive oxygen 
species (ROS) (Takano et al., 2019). A new evidence from a recent study in C3 and C4 plants 
clearly showed that a considerable production of ROS was responsible for a rapid cell death 
(from few minutes to hours) in response to glufosinate application (Takano et al., 2019). 
These negative effects of glufosinate certainly affects primary metabolism which contributes 
to glufosinate-induced mortality (Dayan, 2019; Duke & Dayan, 2011). In contrast, the 
glufosiante-induced GS inhibition in HR buffalo grasses was prevented by the PAT activities 
and therefore only negligible damage was observed.   
 
Based on the visual injuries, HR grasses, 93-5A was the most resistant variety because it only 
showed moderate injury when subjected to high levels of glufosinate at 10% and 15% (v:v) 
(Fig. 3.1G) whereas 93-2B was the least resistant variety as it showed a slight discoloration at 
the lower application rate of 5% (v:v) (Fig 3.1 E). Variations in resistance among the HR 
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lines seemed to relate to the level of pat expression because 93-5A showed the strongest pat 
expression among the 4 HR buffalo grasses whereas 93-2B, expressed pat at very low levels 
(7 folds lower than 93-5A) (Fig. 3.2B). This result allowed us to hypothesize that the level of 
herbicide resistance was likely dependent on the pat gene expression in our buffalo grasses. 
In agreement with this observation, Carbonari et al. (2016) also observed the relationship 
between glufosinate-induced visual injuries and the levels of pat gene expression in 
transgenic cotton. In this study, the glufosinate-resistant cultivar (IMACD 6001LL) was 
compared to the insect-resistant line, (FM 975WS). The latter variety only carried the pat 
gene as a selectable marker and the expression was 6 times lower than that of IMACD 
6001LL. When challenged, both cultivars with glufosinate at the highest dosage (600 g ha
-1
), 
FM 975WS not only demonstrated negligible activity of PAT but also accumulated a greater 
amount of a toxic ammonia, and generated a slightly lower photosynthetic electron transport 
in comparison to IMACD 6001LL cotton. The authors concluded that the relatively low 
expression of pat observed in FM 975WS resulted in undetectable activity of PAT and that 
was related to an obvious increase or decrease of those abovementioned parameters which 
were all the indicators toward physiological damages. In contrast, the higher expression of 
the pat gene in the glufosinate-resistant IMACD 6001LL was linked to the observed high 
PAT activity, resulted in IMACD 6001LL being protected from glufosinate-induced injury 
(Carbonari et al., 2016).  
   
3.4.2 Comparison of primary metabolism between the HR buffalo grasses and the wild type 
cultivars. 
 
3.4.2.1 Comparison of the buffalo grasses with the absent of glufosinate treatment  
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In this project, GC-MS based untargeted analysis was conducted to provide a detailed list of 
compounds to facilitate a comprehensive comparison between the HR and wild type buffalo 
grasses. Of total 199 metabolites detected (including unknown compounds), only 19 
metabolites measured from the 4 HR cultivars at baseline conditions were significantly 
different (p < 0.05) in their relative concentrations from the parental wild type, WT 9-1B  at 
the baseline conditions (Table 3.1). Among these compounds, only 6 metabolites were 
identified. Cis-aconitic acid, allantoin, cellobiose, glyceric acid, maltose and octadecanoic 
acid and their exclusive alterations were found in at least one of the 4 HR cultivar. For 
example, the relative concentration of cis-aconitic acid was significantly decreased only in 
93-1A (0.38 fold) in comparison to WT 9-1B whilst those of cellobiose, octadecanoic acid 
and glyceric acid were significantly increased only in 93-2B (1.63 fold), 93-3C (1.35 fold) 
and 93-5A (2.04 fold) (Table 3.1). Because only a small number of metabolites (6 
compounds) shown significant differences in the relative concentrations and they were not 
found consistently in all 4 HR buffalo grasses, it is likely that the significant difference 
detected in the 6 metabolites were randomly detected by pure chance. As a result, it is 
possible to conclude that metabolic characteristics of both cultivars were highly similar. 
When these 6 metabolites were used to calculate the enriched pathway as a result of the 
inserted pat gene, no significant enriched pathway could be identified (Table 3.4). Therefore, 
the insertion of the pat gene event only caused negligible effects on all 4 HR buffalo grasses. 
 
Principal component analysis (PCA) based on the GC-MS untargeted analysis demonstrated 
that both wild type and HR buffalo grasses were similar (Fig. 3.3A). Furthermore, careful 
visualization of all metabolites (all 91 identified compounds) in the pathway mapping also 
revealed a similarity in the relative concentrations between the 4 HR lines (represented in the 
pink bar charts) and the 3 wild type cultivars (represented in the green bar charts) throughout 
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the entire metabolic pathways (Fig. 3.7). Because GC-MS untargeted profiling included a 
number of compounds from several metabolite classes, the analysis presented here are far 
more comprehensive than a traditional compositional analysis that targeted only a subset of 
compounds which were related to nutritional value. Therefore, it is possible to claim that the 
HR buffalo grasses are ‗substantially equivalent‘ to the conventional wild type cultivars and 
thus, these HR buffalo grasses should be considered as safe in comparison to the 
conventional buffalo grass varieties. 
 
Our results are in agreement with other studies in the past using transgenic rice‘s carrying the 
bar gene (Choi et al., 2012; Xin et al., 2008). For example, Choi et al. (2012) only detected a 
small number of significantly different metabolites in terms of relative concentrations 
between both glufosinate-resistant lines (Iksan483 and Milyang204) and their parental 
cultivars (Anjung, Shindongjin, Dongjin and Junam). These significantly different 
compounds included 2 out of 11 fatty acids (myristic acid and omega-7), 3 minerals (calcium, 
sodium and iron), and a trypsin inhibitor. The components of another glufosinate-resistant 
Chinese rice (BAR68-1) only demonstrated a significant different in the relative 
concentrations from its parental cultivar (D68) in 2 of 17 amino acids (glutamate and 
methionine) and in vitamin E (Xin et al., 2008). Kim et al. (2013) sprayed carotenoid bio-
fortified rice‘s (carrying bar gene as a selectable marker) and reported that the levels of 17 
amino acids and 9 fatty acids in transgenic rice varieties were very similar to those measured 
from the non-transgenic comparators. Although 3 minor components: copper, magnesium and 
niacin were not equivalent between the carotenoid bio-fortified rice‘s and its parental lines, 
the measured values of these compounds were within the recommended range for rice‘s guide 
lined by OECD (OECD, 2016). All three authors (Choi et al., 2012; Kim et al., 2013; Xin et 
al., 2008) concluded that the transgenic rice‘s demonstrated the nutritional qualities which 
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were „substantially equivalent‟ to those of the non-transgenic counterpart. All components 
which deviated from the non-transgenic lines, however, still fell within either the range of 
natural variation among the wild types or the recommended values reported for the 
commercial varieties. 
 
3.4.2.2 Comparison of the buffalo grass following a glufosinate treatment  
 
A)The effects of glufosinate on the 3 sensitive wild type cultivars 
 
After a single application of glufosinate was prescribed to the leaf samples, prominent 
metabolic alterations were observed in the 3 wild type cultivars within 3 days after treatment. 
A pair-wise comparison between those glufosinate-treated wild type cultivars and the 
respective wild types at baseline conditions (without glufosinate treatment) resulted in 
significant changes in 40 identified metabolites with 14 of them were statistically 
significantly affected (p < 0.05) across all 3 wild type cultivars (WT 8-4A, WT 9-1B and WT 
9-2B) (Table S3.1, Appendix). In contrast, a similar comparison of the 4 HR cultivars 
between those treated and non-treated with glufosinate did not identify any significantly 
different (p < 0.05) metabolites which was consistently detected across all 4 HR lines (93-
1A, 93-2B, 93-3C and 93-5A) (Table. S3.2, Appendix). Moreover, if considering only the 
pair-wise comparisons of 3 strong HR lines (93-1A, 93-3C and 93-5A) between glufosinate 
treated and non-treated samples, only 4 significantly different (p < 0.05) metabolites were 
identified whereas in a case of the weakest HR line, 93-2B, as high as 17 metabolites were 
significantly different (p < 0.05) between the treated and non-treated leaf samples. In 
conjunction with observable severe injuries in the wild types and the weakest HR line, 93-2B 
(Fig. 3.1 A, B, C and E), it is possible to link the great numbers of detected metabolites 
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which show significant difference in relative concentrations (Tables S3.1 and S3.2, 
Appendix) in the above-mentioned wild type cultivars to glufosinate-induced injuries. In 
other word, the greater the numbers of significantly different metabolites, the higher levels of 
observable injuries.  
 
A comparison between the glufosinate-treated wild type cultivars to the respective wild 
type cultivars at baseline conditions allowed the exclusive effects of glufosinate application 
to exert on buffalo grasses without interference from the PAT activities. The 14 metabolites 
consistently altered in all 3 wild type cultivars following glufosinate treatment above 
primarily consisted of amino acids and organic acids (Table S3.1, Appendix). The pathway 
analysis of these 14 metabolites indicated that a single application of glufosinate significantly 
affected (Raw p < 0.05) both nitrogen metabolism (aminoacyl-tRNA biosynthesis) and 
carbon metabolism [tricarboxylic acid (TCA) cycle and glyoxylate and dicarboxylate 
metabolism] (Table 3.6).   
 
As mentioned above, massive ROS production was now proved to be a primary factor to 
drive a rapid cell death following glufosinate treatment. Then ROS stimulated the 
peroxidation of membrane lipids, resulting in a leakage of solutes and ions from membrane 
(Takano et al., 2019). This role of ROS as a highly toxic chemical is also result in a serious 
damage to other macro molecules including DNA and proteins. Similar to the glufosinate 
treatment, several abiotic stress including high salinity, drought and heat also induce a sudden 
increase in ROS production (Thakur et al., 2016), resulting cellular damage. ROS is also 
known for its second role as a crucial signaling molecules in plants by controlling the 
processes such as growth, development, senescence and adaptation to abiotic stress (Khanna-
Chopra et al., 2013). Stress induced ROS production is strongly linked to pre-mature leaf 
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senescence. For example, evidence from a study in Arabidopsis showed that NAC 
transcription factor NTL4 acted as a molecular switch that linked ROS metabolism directly to 
drought-induced leaf senescence by binding directly to the promoters of genes encoding ROS 
biosynthetic enzymes, resulting in a dramatic production of ROS under the drought 
conditions (Lee et al., 2012). Among various ROS, H2O2 appears to be the key signaling 
molecule to regulate senescence and responses to abiotic stress (Bieker et al., 2012). 
Chloroplast is the major site for protein degradation, and ribulose-1,5-bisphosphate 
carboxylase/oxygenase (rubisco) is rapidly and selectively broke down during senescence and 
stress. The resultant degradation of proteins allows the mobilization of nitrogen to growing 
green tissues [e.g. young leaves) and solutes demanded organs (e.g. developing fruits and 
seeds) (Khanna-Chopra et al., 2013)]. In the 3 glufosinate-treated wild type buffalo grasses, it 
is logical to hypothesize that both roles of the massive ROS burst (induced by glufosinate) 
were attributable to the considerable accumulations of several free amino acids (Table S3.1) 
resulted in subsequent enrichments of the metabolic pathways related to nitrogen 
metabolisms. (Table 3.6)  
 
Furthermore, a degradation of proteins during senescence not only releases free amino acids 
to mobilize nitrogen but also provide carbon sources to the energy metabolism such as TCA 
cycle to form the substrate, acetyl-CoA (Diaz-Mendoza et al., 2016). It has been widely 
accepted that the up-regulation of TCA cycle is to provide intermediates and reducing powers 
to generate ATP to match the rising demand of energy for nutrient re-mobilization and sink-
source relationships en route to a late stage of senescence (seee review by Araujo et al., 
2011). Evidence from integrative approaches combining transcriptomics to metabolomics 
confirmed this notion as both omics techniques clearly revealed the progressive increase in 
TCA cycle activities in the leaves of tobacco (Nicotiana tabacum L.) at different stages of 
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senescence (Li et al., 2017). As a result, it is possible that a significant enrichment of TCA 
cycle of all 3 glufosinate-treated wild type cultivars (Table 3.6) was a consequence of the 
interrelationships between a massive ROS production and premature leaf senescence that 
generally occur under abiotic conditions.        
 
Interestingly, glyoxylate and dicarboxylate metabolism emerged as a significantly enriched 
pathway in response to glufosinate treatment with the relative high impact score (Table 3.6). 
The high impact score obtained here was a result of the accumulation of cis-aconitic acid 
which is immediately located upstream of a crucial compound at the center of this pathway 
(glyoxylate). Glyoxylate and dicarboxylate metabolism is considered as an energy-producing 
pathway which assimilate two-carbon precursors (acetyl-CoA) derived from lipid metabolism 
to biosynthesize carbohydrates through the TCA cycle (Z.-Y. Wang et al., 2003). Significant 
elevations of cis-aconitic acid in the glufosinate sensitive WT 9-1B allows one to assume an 
up-regulation of glyoxylate and dicarboxylate metabolism to match with the increasing 
energy-demand which was necessary to support a series of metabolic adjustment (e.g. protein 
breakdown as mentioned above) in response to glufosinate treatment. However, as there were 
only 2 out of a total 17 metabolites detected in this metabolic pathway, any interpretations 
based on the enriched glyoxylate and dicarboxylate metabolism following glufosinate 
treatment could be questionable. Therefore, the involvement of glyoxylate and dicarboxylate 
metabolism has yet to be established and it is a subject of future research.  
 
Although glufosinate-induced ROS production is undoubtedly a primary factor to drive a 
rapid cell death (from few minutes to hours), NH4
+
 accumulation is still proposed as a 
secondary effect responsible for inducing a long-term damage to plants (from several hours to 
days) (Takano et al., 2019). In this project, the samples were harvested 3 days after 
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glufosinate treatment (a single application) and therefore the contribution of the highly toxic 
NH4
+ 
should not be excluded yet.  
 
A study in Lemna minor demonstrated that high levels of NH4
+
 can cause an accumulation of 
10 free amino acids: histidine, isoleucine, leucine, lysine, methionine, phenylalanine, proline, 
threonine, tyrosine, and valine (Rhodes et al., 1986).  A pre-labelling experiment with 
[
15
N]H4
+
 provided a strong evidence to conclude that increased in these amino acids was a 
result of protein turn over rather than products of de novo synthesis (Rhodes et al., 1986). The 
findings from L. minor  (Lacuesta et al., 1989; Rhodes et al., 1986) led Shelpi et al. (1992) to 
hypothesize that significant increases in branched-chain (e.g. isoleucine) and aromatic amino 
acids (e.g. phenylalanine) as well as amino acids derived from glutamate (e.g. arginine) after 
foliar sprays of 200 g L
-1
 gi of glufosinate ammonium to the leaves of barley and green 
foxtail was a result of protein degradation. The authors found a strong correlation between 
NH4
+
 accumulation and elevations of these subset of amino acids after 10 and 80 mg m
-2
 
glufosinate treatments (Shelpi et al., 1992). It is obvious that accumulation of NH4
+
 in the 
glufosinate treated samples involve in a stress-induced protein degradation. However, to what 
extent does NH4
+
 accumulation contributes to glufosinate-induced injury (at least in a long-
term) requires a careful experimental design to answer this question in the future research.  
 
B)The effects of glufosinate on 4 HR cultivars 
 
As a comparison of the metabolisms between the wild type and HR buffalo grasses was the 
main objective of this research, a pair-wise comparison between glufosinate-treated WT 9-
1B and each of the 4 glufosinate-treated HR line was conducted. In theory, this specific 
comparison should offer insight into the combinatorial effects of the inserted pat gene and 
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additional glufosinate treatment. However, the previous discussion (Section 3.4.2.1) clearly 
showed that the metabolisms of 3 wild type buffalo grasses were substantially equivalent to 4 
HR cultivars. Therefore, any metabolic alterations between glufosinate-treated wild type and 
glufosinate-treated HR cultivars would only indicate the deleterious effects of glufosinate 
application.  
 
The pathway analysis of the 32 significantly different (p < 0.05) metabolites detected from 
the pair-wise comparisons between glufosinate-treated WT 9-1B and each of the 4 
glufosinate-treated HR line was able to identify 4 significantly enriched pathways 
[aminoacyl-tRNA biosynthesis, alanine, aspartate and glutamate metabolism valine, leucine 
and isoleucine biosynthesis and nitrogen metabolism (Table 3.5)]. All of which were related 
to nitrogen metabolisms. Based on the discussion of glufosinate-treated wild type cultivars 
above, it is clear that the strong exclusive effects of glufosinate on the nitrogen metabolisms 
was due to substantial metabolic alterations of the parental wild type, WT 9-1B whereas the 
metabolisms of glufosinate-treated HR cultivars still maintained their metabolic state at the 
baseline. The outcome of this pathway analysis [from the pairwise comparisons between 
glufosinate-treated WT 9-1B and glufosinate-treated HR lines (Table 3.5)] was in agreement 
with that of the above pathway analysis [from the pair-wise comparison between the treated 
and non-treated wild type cultivars (Table 3.6)] as both analyses predominantly identified the 
pathways related to nitrogen metabolisms as the most affected metabolic pathways following 
glufosinate treatment. Both results (Table 3.5 and 3.6) clearly confirmed the unparalleled 
effects of glufosinate on nitrogen metabolisms on buffalo grasses. The reasons underlying the 
significant changes in nitrogen metabolism in response to glufosinate application was already 
provided above.  
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Interestingly, the pathway analysis failed to identify a significant enrichment of TCA cycle 
from a comparison between glufosinate-treated WT 9-1B and glufosinate-treated HR buffalo 
grasses (Table 3.5). In contrast, the previous pathway analysis derived from a comparison 
between the treated and non-treated wild type cultivars (Section 3.4.2.2 A) seemed to be 
dominated by the significant enrichment of carbon metabolisms including TCA cycle and 
glyoxylate and dicarboxylate metabolism (Table 3.6). The absence of the enriched TCA 
cycle from the pathway analysis of the former pair-wise comparison suggested that TCA 
cycle of both WT 9-1B and HR cultivars were affected by glufosinate treatment in a similar 
fashion. This finding is unexpected because HR buffalo grasses were protected from GS 
inhibition by the PAT activities and therefore TCA cycle of HR grasses should be exclusively 
unaffected by glufosinate treatment unlike that of WT 9-1B counterpart. It is possible to 
hypothesize that some of the breakdown products glufosinate by natural degradation 
processes [including 3-methylphosphinico-propionic acid (MPP), 2-methylphosphinico-acetic 
acid (MPA) and 4-methylphosphinico-butanoic acid (MPB) (see Fig. 1.5)] probably affect 
TCA cycle on both wild type and HR buffalo grasses. Although glufosinate-resistant crops 
carrying the pat gene rapidly catalyze glufosinate into N-acetyl phosphinothricin, other 
breakdown metabolites are still present (Droge-Laser et al., 1994). For example, MPP was 
the major glufosinate derivative found in glufosinate-resistant corn grain and rape seed, 
instead of N-acetyl phosphinothricin (OECD, 2006). Although these breakdown products 
were defined as non-phytotoxic metabolites and harmless substances based on the toxicity 
tests on mammals (FAO/WHO, 2013), it does not imply that they will absolutely have no 
impact on other plant metabolisms. Metabolomics studies of the samples treated with external 
application of MPP, MPA and MPB offer the way to test whether or not they are able to 
affect TCA cycle.  
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C) The effects of glufosinate on both wild type and HR cultivars 
 
When all samples (3 wild type and 4 HR cultivars) with and without glufosinate treatment 
were taken into account in the same analysis, using PCA, only the wild type and 93-2B 
treated with glufosinate were clearly differentiated from other groups of samples (all baseline 
samples and the glufosinate-treated 93-1A, 93-3C and 93-5A) (Fig. 3.3B). This separation 
was in agreement with the obvious visual damages in all 3 wild type cultivars caused by 
glufosinate treatment (Fig. 3.1 A, B and C). Based on PCA, this study discovered that the key 
metabolites strongly contributed to this separation were an accumulation of isoleucine, 
phenylalanine and galacturonate in the glufosinate-treated wild type cultivars (Fig. 3.4B). 
Galacturonate, isoleucine and phenylalanine were significantly increased in the glufosinate-
treated WT 8-4A, WT 9-1B and WT 9-2B in comparison to the respective wild type 
samples at baseline conditions (Table 3.2). Furthermore, the relative concentrations of these 
3 strong contributors in the glufosinate-treated WT 9-1B were also several folds higher than 
those measured from the glufosinate-treated 93-1A, 93-3C and 93-5A (Table 3.3). It can be 
hypothesized that the increases in isoleucine and phenylalanine were possibly a result of 
increasing protein degradation in response to glufosinate application similar to what was 
observed in a previous study in barley (C3 plant) and green foxtail (C4 plant) (Shelpi et al., 
1992). Stress-induced senescence mediated by ROS production is a possible cause of a 
significant protein degradation in the 3 glufosinate-treated wild type buffalo grasses. This 
notion was extensively discussed above.  
 
For galacturonate, it is a negatively charged monosaccharide that forms a backbone of pectic 
cell wall components (Bulley & Laing, 2016). However, no literature has ever associated 
galacturonate with the action of glufosinate in the past. Because galacturonate is a major 
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building block of pectin, it is possible to hypothesize that considerable amounts of 
galacturonate is released as a result of depolymerization of cell wall components during 
glufosinate-induced senescence. A study by Brummell and Harpster (2001) revealed that 
solubilization, depolymerization, and de-methylesterification of acidic pectins together with 
the loss of neutral sugar side chains from polysaccharides was frequently observed during 
fruit ripening (another form of plant senescence). 
 
A comparison of all 3 wild types and 4 HR cultivars with and without glufosinate treatments 
(14 groups of samples in total) was visualized by a heat map (Fig. 3.5). The outcome was in 
line with the PCA because the glufosinate-treated of 3 wild type and the glufosinate-
treated 93-2B cultivars were distinctly clustered together whereas all baseline samples and 
the 3 stronger HR lines treated with glufosinate application were clustered in a another large 
group with each of them located in random sub-groups (Fig. 3.5). A very clear feature 
distinguishing the glufosinate-treated wild type cultivars and the glufosinate-treated 93-2B 
from the other groups of samples was an accumulation of 25 metabolites and reduction in 7 
metabolites. The results were in agreement with the PCA (Fig. 3.4B) as most of the elevated 
metabolites were amino acids (including isoleucine and phenylalanine) and organic acids 
(including galacturonate). Alterations in numerous metabolites from diverse class of 
chemistry [amino acids, organic acids, sugars and other class of compounds (Fig. 3.7)] 
confirmed that the metabolic adjustments in response to glufosinate applications in the 
glufosinate sensitive samples (3 wild type and 92-2B cultivars) are not restricted to only 
nitrogen metabolism (the primary target of glufosinate inhibiting effects) but rather extend to 
affect several related metabolic pathways (at least in a buffalo grass).  
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The relationship between a series of distinctive metabolites which were observed from the 
heatmap (Fig. 3.6) can be further visualized, using a pathway map. The pathway mapping 
was created from the relative concentrations of 29 significantly different compounds 
identified from fold change analyses (Table S3.3, Appendix) and 4 metabolites related to 
TCA cycle as they were greatly contributed to the altered metabolisms glufosinate-treated 
wild type and 93-2B cultivars (Fig. 3.4 and 3.6).  
 
Two amino acids (isoleucine and phenylalanine) which strongly contributed to the separation 
of the glufosinate-treated wild types and 93-2B on PCA (Fig. 3.4) were unlikely related to 
each other according to this metabolic mapping (Fig. 3.8). This suggests that increasing 
levels of both amino acids do not derive from the same precursor but, instead, originate from 
different sources in the buffalo grass metabolisms in response to glufosinate treatment. 
Therefore, it is possible that each of them is a byproduct from the breakdown of many kinds 
of proteins as a result of a deleterious effect of ROS and/or premature senescence following 
glufosinate treatment. This concept is relevant with the hypothetically explanation discussed 
above.  
 
Galacturonate is also identified as a strong contributor to the distinct separation of the 
glufosinate-treated of the 3 wild type and 93-2B cultivars in the PCA scores plot (Fig. 3.4). 
Its localization is isolated (Fig. 3.8) from other metabolites affected by glufosinate which was 
detected in the heatmap (Fig. 3.6). As a result, the only conclusion drawn from this global 
metabolic map is that a significant increase in galacturonate resulted from glufosinate must 
be exclusively degraded from polymers such as pectin. Glutamine is a product of glutamine 
synthetase (GS), a target of glufosinate mode of action (Fig. 1.3, Chapter 1). Significant 
depletion of this amino acid in the sensitive cultivars (all 3 wild type cultivars and the 
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weakest HR line, 93-2B) confirms the effectiveness of the herbicide actions in this 
experiment. However, a direct product of GS, glutamate does not exhibit any alterations (Fig. 
3.8). Insensitivity of glutamate to glufosinate stress suggested possible activity of an 
alternative pathway for glutamate biosynthesis from 2-oxoglutaric acid which was catalyzed 
by glutamate dehydrogenase (GDH) (Miflin & Habash, 2002).  This finding underscores the 
indispensable role of GDH in nitrogen metabolism (Morel et al., 2006).  
 
Apart from isoleucine, phenylalanine and glutamine, several amino acids derived from 
aspartic acid are increased in the glufosinate-treated wild types (Fig. 3.8). In contrast, a 
prominent reduction in aspartic acid was observed (Fig. 3.8). These subsets of amino acids 
include asparagine, beta-alanine, homoserine, isoleucine, lysine, threonine and valine. 
Accumulations of these amino acids are accompanied by a prominent reduction in aspartic 
acid (Fig. 3.8). A rapid conversion of aspartic acid to the subsequent amino acids was 
possibly responsible for the elevations of aspartic acid-derived amino acids. However, 
biosynthesis of these amino acids from aspartic acid is a complex pathway consisting of some 
multi-step branched pathways for the productions of each amino acid (lysine, methionine, 
threonine and isoleucine) (Jander & Joshi, 2010). Several steps in aspartic acid-derived amino 
acid pathway have previously been reported to be regulated by a strong feedback inhibition of 
their end products (lysine, methionine and threonine), such as the inhibition of aspartate 
kinase at an earlier step of the biosynthesis (Azevedo et al., 2006). Future experiments to 
elucidate the role of a rapid aspartic acid conversion in response to glufosinate treatment will 
be difficult to design and conduct. At the end, protein breakdown induced by glufosinate 
treatment as mentioned above cannot be excluded as one of the contributing sources of 
elevated aspartic acid-derived amino acids. This is because the earlier work by Rhodes et al. 
(1986) also observed an increase in the aspartic acid-derived amino acids: isoleucine, lysine, 
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threonine and methionine in L. minor after it was treated with a GS inhibitor, methionine 
sulfoximine (Rhodes et al., 1986).  
 
3.4.4 Concluding remarks 
 
In conclusion, HR buffalo grasses carrying the pat gene demonstrated acceptable levels of 
resistance to glufosinate. They showed a negligible degree of visual injuries in response to a 
high concentration of glufosinate ammonium (5% v:v) whereas the 3 glufosinate sensitive 
wild type cultivars demonstrated a pronounced senescence and desiccation. The levels of 
resistance were variable among the 4 HR buffalo grasses with the highest and lowest resistant 
cultivars were 93-5A and 93-2B, respectively and showed positive correlation the relation 
expression of the pat. To identify the possible effects of the pat gene insertion and respective 
changes in the metabolisms of the 4 HR grasses, metabolite profiles were compared with 
their parental wild type, WT 9-1B at baseline conditions (without the glufosinate treatment). 
GC-MS untargeted profiling detected 6 metabolites (allantoin, cis-aconitic acid, cellobiose, 
glyceric acid, maltose and octadecanoic acid) that exhibited significantly differences (p < 
0.05) in the relative concentrations between WT 9-1B and at least 1 of the 4 HR cultivars at 
baseline conditions. As the significant differences of these 6 metabolites were not consistent 
across all 4 HR cultivars and all 3 wild types and 4 HR cultivars were almost completely 
clustered together in the PCA scores plot, these results allowed us to claim that the HR 
buffalo grasses were regarded as safe in comparison to the wild types and should satisfy the 
concept of “substantial equivalence” between the newly transgenic organisms and their 
conventional comparator. 
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The exclusive effects of glufosinate treatment were assessed by comparing metabolomics of 
the 3 wild type to 4 HR cultivars measured 3 days after a single application of glufosinate 
ammonium. Apparently, only the glufosinate-treated wild type cultivars and of the weakest 
HR line, 93-2B were clustered away from all the baseline samples and the glufosiante-treated 
of the 3 stronger resistant HR lines in the PCA scores plot. This separation was driven by 
substantial increase in the relative concentrations of 6 crucial metabolites (galacturonate, 
isoleucine phenylalanine, unknown 7, 14 and 19), following glufosinate treatment.  Most of 
the distinct metabolites that also contributed to separation of the sensitive groups (3 wild type 
cultivars and 93-2B cultivars) from other groups of samples based on heatmap and those 
significantly different (p < 0.05) metabolites of between the glufosinate-treated WT 9-1B and 
3 stronger HR cultivars (93-1A, 93-3C and 93-5A) were amino acids. It is hypothesize that 
the accumulation of free amino acids in glufosinate-treated wild type cultivars was largely 
originated from protein degradation as a consequence of premature leaf senescence triggered 
by glufosinate-induced ROS burst. Ultimately, accumulation of free amino acids was 
expected to cause a direct impact on nitrogen metabolism as well as an indirect effet on 
carbon metabolism (by feeding additional carbons to promote greater biosynthesis of 
substrates/intermediates). This notion seemed to explain the significant enrichment of the 
metabolic pathways related to nitrogen metabolism and of TCA cycle observed in the 
sensitive wild type buffalo grasses following glufosinate treatment.    
 
Finally, it is certain that herbicidal stress can stimulate the production of secondary 
metabolites and therefore, including secondary metabolites in our comparative analysis of HR 
buffalo grass metabolome will extend our understanding on their metabolisms and greatly 
enhance the confidence in a final conclusion. The next chapter will focus on the secondary 
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metabolites measured using high resolution-liquid chromatography-mass spectrometry (HR-
LC-MS). 
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Chapter 4 
HR-LC-MS untargeted metabolite profiling of herbicide resistant 
(HR) buffalo grasses and their responses to glufosinate
3
  
 
4.1 Introduction 
 
A single biological system may contain a diverse range of metabolite classes at different 
concentration (ranging from sub-pico-millimolar), mass range (the order of ~1000 amu) and 
polarity (from highly hydrophilic to hydrophobic). Metabolomics require multiple and often 
complimentary high-throughput analytical systems to separate, detect, and quantify the vast 
number of metabolites to either provide supporting evidence or directly answer the biological 
question(s). For example, Gas Chromatograph-Mass Spectroscopy (GC–MS) which is widely 
applied to untargeted metabolomics due to its many advantages (e.g. its high sensitivity, 
robustness and reproducibility as well as availabilities of many well established reference 
libraries) (Hill & Roessner, 2013), primarily targets primary metabolites. Therefore, the 
results generated from GC-MS alone does not reflect a full view of metabolome (Liu et al., 
2017).  Consequently, Liquid Chromatography-Mass Spectrometry (LC-MS) has increasingly 
gained popularity as a complementary analytical platform in comparison to GC-MS to 
identify analytes up to > 35, 000 Da. In addition, an advantage of LC-MS is that unlike GC-
MS, sample preparation does not involve a laborious derivatization step.  
 
In principle, LC-MS employs ‗soft ionization‘ techniques such as electrospray ionization 
(ESI) and atmospheric chemical pressure ionization (APCI) to generate pseudo molecular 
                                                          
3
 The article ―HR-LC-MS untargeted metabolite profiling of herbicide resistant (HR) buffalo grasses and their 
responses to glufosinate‖ was in preparation for journal submission.   
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ions, and thus analyzed metabolites in their ‗intact form‘ (Dias & Koal, 2016), whereas GC-
MS as previously seen in Chapter 3 applied ‗hard-ionization‘ (70eV) to generate fragmented 
ions, often leading to incomplete structural elucidation of molecules under investigation. 
Therefore, LC-MS is not only compatible to investigate the relatively large and complex 
molecules such as those secondary metabolites usually distributed abundantly in higher 
plants (Rao & Ravishankar, 2002) but also to detect the relatively small molecules of 
primary metabolites. GC-MS focuses on detection of small polar molecules defined as 
primary metabolites such as amino acids, sugar, fatty acids, organic acids and steroids (Hill & 
Roessner, 2013).  
 
High resolution instruments are important to produce untargeted metabolite profiles because 
the biological samples generally generate complex mixtures containing a significant number 
of background ions called matrix effects (Taylor, 2005). Therefore, high resolution LC-MS 
(HR-LC-MS) is necessary to produce untargeted metabolite profiles. High resolving power of 
the initial separation unit is achieved by applying a modern LC to detect metabolites at low 
concentrations despite matrix interference. Highly efficient separation unit such as ultra-high-
pressure LC (UHPLC) (Guillarme et al., 2010) and nano LC (nLC) (Asensio-Ramos et al., 
2017) are able to yield high resolution results within an acceptable analysis time.  
 
A key analytical unit of HR-LC-MS is a mass spectrometry (MS). There are two general 
categories of mass spectrometry: high resolution mass spectrometry (HRMS) (see review by 
Xian et al., 2012) and low resolution mass spectrometry (LRMS) (Reth & Oehme, 2004). 
High resolution mass spectrometry (HRMS) is the instrument of choice to couple with LC in 
order to produce untargeted metabolite profiles in many recent studies [micrOTOF-QIII, 
Bruker Daltonic system (Mamat et al., 2018); Q-Exactive™ Hybrid Quadrupole-Orbitrap, 
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Thermo Scientific™ (Mesnage et al., 2016; Pferschy-Wenzig et al., 2017)]. The application 
of HRMS in metabolomics research is necessary due to the extremely high level of accuracy 
in mass measurements, allowing for the minute differences in mass between two compounds 
to be detected (see review by Xian et al., 2012). In contrast, LRMS detects 2 compounds with 
slight mass differences as 2 identical compounds. Therefore, HRMS is able to distinguish 
between several thousands of compounds typically contained in a biological samples (Krauss 
et al., 2010). 
 
In general, HRMS is defined as MS with mass-resolving power > 10,000 (calculated from 
mass to charge ratio (m/z) of the heavier compound divided by mass resolution between those 
2 compounds) and mass measurement errors < 5 ppm (see review by Russell & Edmondson, 
1997). Based on the above criteria, some examples of modern HRMS included reflectron 
time-of-flight (TOF) and the Fourier transform (FT) based orbitrap and ion cyclotron 
resonance (FT-ICR) (see review by Xian et al., 2012). In order to improve identifications of 
metabolites, more than one MS are combined to form tandem MS (MS/MS) so that highly 
resolved and accurate mass spectra with additional information can be acquired. This kind of 
mass spectra is achieved through further fragmentation of the interested ion precursors by 
collision-induced dissociation (CID) in 1) the tandem in-space instruments such as triple 
quadrupole (QqQ), quadrupole-TOF (Q-TOF) or 2) the tandem in-time instruments such as 
quadrupole-ion trap (Q-IT), ion trap-TOF (IT-TOF), linear ion trap-orbitrap (LTQ-Orbitrap) 
and LTQ-FTICR (see review by Zhou et al., 2012). In this project, Q-Orbitrap was applied to 
analyze the methanol:water extract of buffalo grass leaves. This tandem MS offered a great 
combination of high resolving power of up to 100,000, high mass accuracy (< 2 ppm errors) 
and a sensitivity down to the femto-gram ranges (Krauss et al., 2010).  
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Secondary metabolites are compounds that have no essential roles in growth and 
development but play a fundamental role for plants to interact with their environment for 
adaptation and defense (Hussain et al., 2012). A wide variety of secondary metabolites are 
biosynthesized from primary metabolites such as amino acids, organic acids, fatty acid and 
nucleotides (Fig. 4.1). They make up a majority of organic compounds in plants and can be 
divided into three major groups: phenolics, alkaloids, and terpenoids compounds (Rao & 
Ravishankar, 2002) (see also Fig. 4.1).  
 
There are many reports of a strong involvement of secondary metabolites in several stress 
physiologies. For example, increases in the production of phenolics and subsequent lignin 
formation was required in plant defense against herbivores (Bennett & Wallsgrove, 1994), 
pathogens (Miedes et al., 2014) and cold stress (Griffith & Yaish, 2004). Also, several studies 
have reported the accumulation of various flavonoids derived from the phenylpropanoid 
biosynthesis pathway in response to nitrogen, phosphate and iron deficiency (see review by 
Dixon & Paiva, 1995). Plants cope with herbicides as ‗xenobiotics‘ which must be removed 
and biotransformed into harmless compounds. One detoxifying mechanism is to conjugate 
the herbicide with primary metabolites (sugars, amino acids and glutathione) to form 
secondary metabolites (Carvalho et al., 2009). For example, wheat tolerated 2,4-D application 
by conjugating the herbicide to glucose. The reaction produced O-glucosides that were stable 
and harmless (Van Eerd et al., 2017). Another example was the resistance of a velvetleaf 
(Abutilon theophrasti Medicus) biotype to atrazine by increasing the rate of glutathione-S 
conjugation by ~ 3.3 fold (Plaisance & Gronwald, 1999). Generally, glutathione conjugates 
are stored in the vacuole and then undergone a step wise degradation by vacuolar 
carboxypeptidase before excreting hydrophilic digested products by ATP-binding cassette 
transporters(ABC) transporters (Bleuel et al., 2011; Cummins et al., 2011). 
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Figure 4.1 Schematic diagram showing biosynthesis of secondary metabolites from primary 
metabolism pathways. Three major groups of secondary metabolites included A) phenolic B) 
alkaloids and C) terpenoids compounds. NB: pathways inside a red box indicate primary 
metabolisms. TCA cycle = Tricarboxylic acid cycle 
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Because the primary studied organisms in this research were HR buffalo grasses carrying 
glufosinate resistant traits, it is highly relevant to examine the response of HR buffalo grasses 
to glufosinate applications. Distinct alterations in pools of secondary metabolites were very 
possible and it was worth my investigations. Therefore, it was logical to include the 
additional secondary metabolites in the comparative metabolomics between the wild type and 
HR cultivars. This would provide additional evidence for comprehensive assessment of the 
biosafety of the newly developed buffalo grasses. 
 
In this study, HR-LC-MS based untargeted metabolite profiles of 4 HR buffalo grasses were 
compared with 3 wild type cultivars (the same 7 cultivars of buffalo grasses tested in Chapter 
3). Univariate and multivariate statistics were performed to demonstrate changes in 
metabolism between them. Pleotropic effects as a result of the inserted pat gene sequence 
into buffalo grass genome were also attempted with both the presence and absence of an 
herbicidal stress from glufosinate treatment. 
 
4.2 Materials and Methods 
 
See Chapter 2 General Methodology (Section 2.4.2). 
 
4.3 Results 
 
4.3.1 Univariate analysis of HR-LC-MS based metabolomics 
 
Changes in the global metabolome generated from HR-LC-MS were first screened for 
differences between the HR lines compared to the wild type cultivar, using a student‘s t-test. 
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Because this statistical analysis is only suitable for a pair-wise comparison, only the weakest 
resistant line, 93-2B (Fig. 3.1E, Chapter 3) and the strongest resistant lines, 93-5A (Fig. 
3.1G, Chapter 3) were selected to compare with the respective parental wild type, WT 9-1B.  
The analyses were conducted on both the metabolome in the presence and absence of 
glufosinate treatment. The raw HR-LC-MS spectra were first pre-processed, using XCMS 
online (https://xcmsonline.scripps.edu) to identify unique features (actual mass spectral 
peaks) which represented each metabolite. The unique features were then compared for each 
pair of the buffalo grass cultivars (WT 9-1B vs 93-2B and WT 9-1B vs 93-5A), at a 
designated cut-off threshold [student‘s t-test (adjusted-p < 0.01) and fold change (> ǀ1.5ǀ)]. 
The features (circle symbols) with significant changed abundance from the comparisons were 
then visualized by cloud plots consisting of retention times (RT) on horizontal axis and mass 
to charge (m/z) ratio on vertical axis (Figs. 4.2 and 4.3). The darker colour of the circle 
symbols indicated the lower adjusted-p values. The sizes of each circle depended on 
increasing levels of fold changes. Positions of circles either ‗above‘ or ‗below‘ the x-axis = 
UP-regulation or DOWN-regulation of the relative response of HR cultivars compared to WT 
9-1B, respectively. Eight chromatograms generated from 4 biological replicates of HR 
cultivars (93-2B or 93-5A, respectively) and 4 biological replicates of WT 9-1B were also 
shown in the cloud plots (Figs. 4.2 and 4.3). 
 
In the absence of glufosinate treatment, the results clearly showed a similarity of HR-LC-MS 
based metabolome of both 93-2B and 93-5A compared to their parental line, WT 9-1B (Fig. 
4.2A and B) with only 2 features out of a total 421 features detected from mass spectra 
exhibiting significant differences in the abundance (adjusted-p < 0.01 and x-fold > 1.5). 
Properties of these 2 features were presented in Table 4.1. The results showed a similar trend 
to those from univariate analysis of the GC-MS based metabolomics in Chapter 3 that also  
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Figure 4.2 Cloud plots of significant features (circles) identified from pair-wise comparisons of HR-LC-MS based metabolomics. 
 A) a comparison between 93-2B and WT 9-1B without glufosinate treatment and B) 93-5A and WT 9-1B without  glufosinate treatment. NB: 
the darker colour of circles indicate the lower adjusted-p values. Positions of circles either ‗above‘ or ‗below‘ the x-axis = UP-regulation or 
DOWN-regulation of the relative response of HR cultivars compared to WT 9-1B, respectively.  
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Figure 4.3 Cloud plots of significant features (circles) identified from pair-wise comparisons of HR-LC-MS based metabolomics. 
 A) a comparison between 93-2B and WT 9-1B after glufosinate treatment and B) 93-5A and WT 9-1B after  glufosinate treatment. NB: the 
darker colour of circles indicate the lower adjusted-p values. Positions of circles either ‗above‘ or ‗below‘ the x-axis = UP-regulation or DOWN-
regulation of the relative response of HR cultivars compared to WT 9-1B, respectively. 
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Table 4.1 List of significantly different features identified in Fig. 4.2 based on a pair-wise comparison between HR cultivars (either 93-2B or 
93-5A) and the wild type comparator, WT 9-1B at the absence of glufosinate treatment.  
 
no. m/z RT x-fold Log2FC adjusted-p value direction maximum peak intensity 
93-2B vs WT 9-1B  
1 132.055578 19.595 2.894 1.533 0.004 UP 11374657.000 
2 273.124100 10.335 2.783 -1.477 0.006 DOWN 62093.508 
        
93-5A vs WT 9-1B 
1 482.204492 8.494 2.415 1.272 0.006 UP 63925.422 
2 167.860578 1.003 1.900 0.926 0.008 UP 21220.965 
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detected only 2 metabolites (cellobiose and maltose) with significant difference between 93-
2B and WT 9-1B as well as another 2 metabolites (glyceric acid and allantoin) in the case of 
93-5A pair-wise comparison (Table 3.1, Chapter 3).  
 
In the case of the glufosinate-treated samples, 93-5A responded to herbicidal stress very 
differently from WT 9-1B with 38 unique features strongly affected by glufosinate treatment 
(Table. 4.2). Most of the unique features were clustered from 5 to 10 min and their molecular 
weights ranged from ≈~250-1200 m/z (Fig. 4.3B). Additionally, most of these significant 
features were found to be down regulated (Fig. 4.3B). As these down-regulated features were 
identified from a pair-wise comparison, it meant that the relative concentrations of 93-5A 
were only relative to WT 9-1B without an absolute reference point. Therefore, it should bear 
in mind that the down regulation of several features observed in Fig. 4.2B may indicate 2 
possibilities either 1) increased in the relative concentrations of the particular feature in WT 
9-1B or 2) decreased in those in 93-5A. For 93-2B, this cultivar responded to glufosinate in a 
very similar manner to the WT 9-1B with only 1 feature showing substantial differences 
between them (Table 4.2 and Fig. 4.3A). This result is in agreement with several findings 
previously described in Chapter 3 for the glufosinate-treated 93-2B (Table S3.3 and 3.4, Fig. 
3.3B and 3.4, Chapter 3) that led to the conclusion that 93-2B metabolism is similar to the 
wild type cultivars Therefore, 93-2B becomes relatively more sensitive to glufosinate than 
other HR lines (93-1A, 93-2B and 93-5A). 
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Table 4.2 List of significantly different features identified in Fig. 4.3 based on a pair-wise comparison between HR cultivars (either 93-2B or 
93-5A) and the wild type comparator, WT 9-1B at the presence of glufosinate treatment. 
 
no. m/z RT x-fold Log2FC adjusted-p value Direction  maximum peak intensity 
93-2B vs WT 9-1B  
1 158.071361 0.468 2.707 1.437 0.009 UP 440468.969 
        
93-5A vs WT 9-1B  
1 257.093469 8.812 3.038 1.603 0.000 UP 12010.174 
2 645.260258 6.387 9.822 -3.296 0.000 DOWN 77399.250 
3 313.144443 8.640 6.695 -2.743 0.000 DOWN 236605.469 
4 361.140649 6.231 5.846 -2.547 0.001 DOWN 4324320.500 
5 381.228229 9.277 3.131 -1.647 0.001 DOWN 70975.023 
6 663.265298 8.369 6.104 -2.610 0.001 DOWN 1195958.000 
7 1013.366386 8.631 49.264 -5.622 0.001 DOWN 126887.008 
8 680.264869 8.372 21.065 -4.397 0.001 DOWN 174829.625 
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9 970.391869 7.718 32.755 -5.034 0.001 DOWN 212687.047 
10 666.285898 5.939 6.077 -2.603 0.002 DOWN 69062448.000 
11 139.002680 1.990 3.000 -1.585 0.002 DOWN 33108504.000 
12 156.065972 3.610 5.975 -2.579 0.002 DOWN 540510.000 
13 1032.380101 6.927 3.253 -1.702 0.002 DOWN 136073.078 
14 225.087052 2.816 3.161 1.660 0.002 UP 3087853.500 
15 204.123850 4.644 3.430 -1.778 0.002 DOWN 221374.891 
16 191.081716 2.824 3.937 1.977 0.002 UP 7538714.500 
17 665.282875 5.943 6.145 -2.619 0.003 DOWN 174932288.000 
18 313.118524 8.377 4.155 -2.055 0.003 DOWN 749936.250 
19 135.066738 0.263 5.908 2.563 0.003 UP 11225982.000 
20 596.319453 10.650 3.780 -1.918 0.004 DOWN 243143.156 
21 997.368203 7.782 166.253 -7.377 0.004 DOWN 627837.375 
22 623.306787 8.694 12.449 -3.638 0.004 DOWN 224862.844 
23 663.266790 7.672 2.556 -1.354 0.005 DOWN 437215.125 
24 188.055577 2.349 3.143 -1.652 0.005 DOWN 7093657.500 
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25 631.277456 7.670 51.552 -5.688 0.006 DOWN 25181172.000 
26 663.266920 6.615 6.088 -2.606 0.006 DOWN 5207326.000 
27 239.092192 5.260 1.742 -0.801 0.006 DOWN 3679904.500 
28 170.044905 2.328 3.547 -1.827 0.007 DOWN 7834311.500 
29 144.065682 2.768 3.996 -1.999 0.008 DOWN 15185729.000 
30 150.066097 0.122 3.601 1.848 0.008 UP 2650752.250 
31 138.054889 5.354 2.832 -1.502 0.008 DOWN 601588.813 
32 165.055056 4.886 6.061 -2.600 0.009 DOWN 3542487.500 
33 623.306428 9.406 4.877 -2.286 0.009 DOWN 130521.281 
34 123.055243 15.483 3.027 1.598 0.009 UP 1021990.688 
35 147.028790 1.928 4.893 -2.291 0.009 DOWN 5675417.000 
36 505.206809 6.631 2.337 1.225 0.010 UP 507178.438 
37 177.054634 8.089 3.356 -1.747 0.010 DOWN 2573513.500 
38 150.066077 0.472 3.344 1.741 0.010 UP 2983852.750 
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4.3.2 Multivariate analyses 
 
HR-LC-MS based metabolomics of 3 wild type cultivars (WT 8-4A, WT 9-1B and WT 9-
2B) and 4 transgenic HR buffalo grass lines (93-1A, 93-2B, 93-3C and 93-5A) were pre-
processed, using Genedata Expressionist 11.0 (https://www.genedata.com). This tool allowed 
for better control of the pre-processing workflow by allowing a visualization of the 2D 
chromatogram (RT vs. m/z) in most of the processing steps ranging from noise subtraction, 
peak detection and identification and isotopic clustering (For the full workflow, please refer 
to Fig. 2.2, Chapter 2). The resultant data matrix detected a total 34,052 clusters representing 
all detectable adducts and fragmentations of both primary and secondary metabolites.  
 
HR-LC-MS based metabolomics of all 3 wild types and all 4 HR cultivars were analyzed to 
find the similarity/difference with respect to their features, using multivariate statistics, 
Principal Component Analysis (PCA). Pooled biological control (PBQC) was included as a 
quality control to monitor the instrumental drift during the analysis. The analysis showed that 
when there was no glufosinate treatment (control groups), both wild type (WT 8-4A, WT 9-
1B and WT 9-2B) and transgenic varieties (93-1A, 2B. 3C and 5A) clustered together at the 
lower left quadrant of the PCA, suggesting high similarity in global metabolites between both 
varieties (Fig. 4.4). 
 
Under glufosinate treatment, both wild types and HR cultivars showed prominent differences 
with respect to their global metabolome compared to the control condition (Fig. 4.4). These 
results indicated a substantial perturbation in global metabolisms of buffalo grasses in 
response to glufosinate treatment. Among the treated samples, the wild type also separated 
from the HR towards the above left quadrant of the PCA space (opposite direction to the  
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Figure 4.4 PCA score plot of HR-LC-MS based metabolomics between wild type (WT) and 
transgenic herbicide resistant (HR) buffalo grasses with (_Glu) and without glufosinate 
treatment (_cn). Note that: two dotted lines separated samples into three groups: wild type 
and herbicide resistant buffalo grasses under control condition (WT_cn and HR_cn), 
herbicide resistant buffalo grasses treated with glufosinate (HR_Glu) and wild types treated 
with glufosinate (WT_Glu). 
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control group). If all baseline samples (3 wild type and 4 HR cultivars without glufosinate 
treatment) are taken as references, all 3 wild type cultivars treated with glufosinate were 
isolated at a relatively longer distance from the reference point than the 3 stronger HR (93-1A 
93-3C and 93-5A) treated with glufosinate treatment (Fig. 4.4). These results implied that the 
wild types were more sensitive to glufosinate than HR cultivars (Fig. 4.4).   
 
As a significant amount of metabolites (represented by 34,052 clusters) were detected by HR-
LC-MS, it was more meaningful to investigate the unintended effects associated with the 
exogenous gene by focusing on the coordinated alteration to metabolic pathways. A 
‗mummichog algorithm‘ offered a direct mapping of the mass spectra to the known pathways 
in databases allowing visualization of the coordinated effects of any treatments of interest on 
the metabolic network. The concept of this algorithm is based on the collective effects of the 
differently expressed features (e.g. m/z of metabolites) obtained from a pair-wise comparison 
between the control and treatment group (Li et al., 2013). The algorithm takes advantage of 
current comprehensive databases [e.g. KEGG (https://www.kegg.jp)] and powerful 
bioinformatics tools to match 1) the mass ‗m/z‘ of selected subsets of features 
(metabolites/adducts showed significantly different concentrations/responses as a result of 
pair-wise comparison), which is now called ‗input‘ to 2) the mass of metabolites already 
reviewed and reported in the known pathways presented in databases. Because the m/z of the 
features in the input were able to match with several hundreds of metabolites in various 
pathways, the algorithm enhances the probability to match the actual metabolites by taking 
into account the positive matches of other features from the same input to support the 
matching probability (i.e. collectively considered both interested features and a few more 
features from the same dataset together). Based on initial matching of the input to 
metabolites, the algorithm eventually identifies the affected (enriched) pathways by focusing 
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on the pathways in which significant numbers of features are clustered together. This 
analogy is based on the fact that if the treatment truly affects any given metabolic pathways 
in a biological organism, the impact will not be restricted to only a single intermediate in the 
affected pathway but rather extended to affect a series of intermediates associated with that 
pathway. As a result, it is possible to find a cluster of matching between the input and the 
metabolites in KEGG database concentrated in the particular pathways (i.e. those pathways 
affected by the treatment), rather than a random matching distributed across numerous 
pathways throughout the entire metabolic networks (Li et al., 2013). As the algorithm 
searches for the pathways containing a high concentration of the input, this algorithm is 
named ‗mummichog‘ after a Native American word meaning ―going in crowds‖.  
 
With the mummichog algorithm, features (m/z) selected from metabolites with significant 
different in abundances (adjusted-p < 0.01 and fold change > ǀ1.5ǀ) between HR lines (93-2B 
and 93-5A) and the wild type, WT 9-1B were mapped into the known metabolic pathways, 
using a free web-based tool Metaboanalyst 3.0 (https://www.metaboanalyst.ca/faces/upload/ 
PeakUploadView.xhtml). The enriched pathways affected by the pat gene insertion were 
identified. A number of input features matched (HITS) with metabolites in the known 
metabolic pathways were detected according to information of a close relative organisms to 
buffalo grass, Oryza sativa deposited in KEGG database (Table 4.3 and 4.4). A total number 
of metabolites (Hits Total) for each known pathway corresponded to HITS features were 
presented. A degree of difference between m/z of HITS features and the metabolites in the 
known metabolic pathways were reported as Hits significant. Statistical significance (p- 
values) of the enriched pathways was evaluated by Fisher Exact’s test to determine whether 
a level of association between HITS and Hits Total were more than random chance (Tables 
4.3 and 4.4).   
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Table 4.3 The effects of the inserted pat gene on the metabolic pathway of 2 HR cultivars, 93-2B and 93-5A in comparison to the parental wild 
type, WT 9-1B at the absence of glufosinate treatment. NB: only the 10 most altered pathways are presented via pair-wise comparison 
between 93-5A and WT 9-1B. 
 
Cultivar Pathway 
 
Pathway Total Hits 
total 
Hits significant Fisher Exact‘s test  
93-2B  
 
(a weak HR 
cultivar) 
One carbon pool by folate 8 7 1 0.070 
Folate biosynthesis 16 7 1 0.070 
Arginine and proline metabolism 37 18 1 0.170 
Amino sugar and nucleotide sugar metabolism 37 19 1 0.179 
Cysteine and methionine metabolism 35 21 1 0.196 
 
93-5A  
(a strong 
HR cultivar) 
Tyrosine metabolism 18 11 2 0.120 
Flavone and flavonol biosynthesis 8 3 1 0.157 
Isoquinoline alkaloid biosynthesis 6 4 1 0.203 
Tropane, piperidine and pyridine alkaloid biosynthesis 10 4 1 0.203 
Chapter 4 
165 
 
Methane metabolism 11 5 1 0.248 
Ubiquinone and other terpenoid-quinone biosynthesis 22 6 1 0.289 
One carbon pool by folate 8 7 1 0.329 
Flavonoid biosynthesis 37 7 1 0.329 
Vitamin B6 metabolism 11 8 1 0.366 
Pyruvate metabolism 20 10 1 0.435 
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Table 4.4 The effects of the inserted pat gene and glufosinate treatment on the metabolic pathway of two HR cultivars 93-2B and 93-5A in 
comparison to the parental wild type, WT 9-1B. NB: Only 10 the most altered pathways via pair-wise comparison are presented. Green highlight 
indicates significant enriched pathway (p < 0.05).  
 
Cultivar Pathway 
 
Pathway Total Hits 
Total 
Hits significant Fisher Exact‘s test  
93-2B  
(a weak HR cultivar) C5-Branched dibasic acid metabolism 4 1 1 0.056 
 Inositol phosphate metabolism 17 9 2 0.057 
 Phenylpropanoid biosynthesis 31 9 2 0.057 
 Tyrosine metabolism 18 11 2 0.082 
 Tricarboxylic acid (TCA) cycle 20 12 2 0.096 
 Alanine, aspartate and glutamate metabolism 21 13 2 0.110 
 Arginine and proline metabolism 37 17 2 0.172 
 Propanoate metabolism 14 5 1 0.203 
 Methane metabolism 11 5 1 0.203 
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 Lysine degradation 14 6 1 0.239 
 
93-5A  
(a strong HR cultivar) 
Phenylalanine metabolism 11 5 5 0.005 
Tricarboxylic acid (TCA) cycle 20 12 7 0.046 
Tryptophan metabolism 25 12 7 0.079 
Valine, leucine and isoleucine biosynthesis 26 9 5 0.164 
Phenylpropanoid biosynthesis 31 9 5 0.164 
Pantothenate and CoA biosynthesis 16 12 6 0.202 
Vitamin B6 metabolism 11 8 4 0.284 
Ubiquinone and other terpenoid-quinone biosynthesis 22 6 3 0.344 
alpha-Linolenic acid metabolism 18 1 1 0.346 
C5-Branched dibasic acid metabolism 4 1 1 0.346 
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Without glufosinate treatment, mummichog-based pathway analysis was able to identify 5 
possible enriched pathways based on a pair-wise comparison between a weak resistant HR 
cultivar, 93-2B and WT 9-1B (Table 4.4). These pathways were identified due to the 
possible effects of the inserted pat gene on metabolisms of 93-2B. Despite not significantly 
enriched below the 5% cut-off level (p < 0.05), it is worth mentioning that one carbon pool  
by folate (p = 0.07) and folate biosynthesis (p = 0.07) were the top 2 enriched metabolisms in 
93-2B compared to WT 9-1B (Table 4.3). For the strong resistant HR cultivar, 93-5A, the 
pat insertion appeared to perturb tyrosine metabolism (Table 4.3). However, none of the 
observed effects of the inserted pat gene was deemed significant suggesting a high similarity 
in terms of global metabolism between the wild type and HR cultivars under controlled 
conditions.  
 
When glufosinate treatment was applied, the additional effects of herbicidal stress obviously 
caused greater perturbation in metabolic network in the HR cultivars (Table 4.4). In case for 
the weak phenotype cultivar, 93-2B, the most affected pathway was C5-branched dibasic acid 
metabolism. However, the combinatorial effects of the inserted pat gene and herbicide 
application were not significant allowing us to assume that the response of the parental wild 
type, WT 9-1B and 93-2B were similar. In contrast, significant effects of the exogenous gene 
insertion and herbicide treatment were detected in the strong resistant HR, 93-5A (Table 4.4). 
There are two significantly affected pathways: phenylalanine metabolism and tricarboxylic 
acid (TCA). This results suggest that the metabolic response of 93-5A to some degree was 
different to WT 9-1B than 93-2B. Changes in phenylalanine metabolism were a result of the 
considerable increase in a precursor of this pathway, phenylalanine (Fig. 4.5A). This result 
was in agreement with the observed elevated amounts of phenylalanine after glufosinate 
treatment previously measured by GC-MS (Fig. 3.4B and Table 3.3, Chapter 3). Also, other  
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Figure 4.5 Relative response of putatively identified metabolites presented in two 
significantly (p < 0.05) affected pathways after glufosinate treatment. A) Phenylalanine 
metabolism and B) Tricarboxylic acid (TCA) cycle. The significant pathways were identified 
based on a ratio of HR-LC-MS mass spectra between 93-5A and WT 9-1B. NB: ND = Not 
Detected, LC = Very low relative concentrations. 
ND 
LC LC LC 
ND ND ND ND ND ND 
Putative metabolites of Phenylalanine metabolism 
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phenylalanine derivatives (phenylpyruvic acid, trans-cinnamic acid, phenylacetaldehyde,  
4-coumaric acid) were found to be increased which was expected because elevated levels of 
phenylalanine stimulate up-regulation of its catabolism. As trans-cinnamic acid and 4-
coumaric acid are intermediates in the core reactions at the early steps of a general 
phenylpropanoid biosynthesis, increasing in productions of secondary metabolites (e.g. 
anthocyanin and flavonoids) can be expected (Fig. 4.5A). It is possible to hypothesize that 
WT 9-1B utilizes substantial amount of phenylalanine to enhance the levels of these 
secondary metabolites in supporting a universal glutathione-S conjugations to detoxify the 
harmful herbicide (Dixon et al., 2010; Kissoudis et al., 2015). In contrast, the accumulation of 
phenylalanine was not observed in the stronger resistant line, 93-5A (Fig. 4.5A). 
 
The TCA cycle was also identified by the mummichog-based pathway analysis and found to 
be significantly affected by glufosinate treatment when 93-5A was compared to WT9-1B. It 
was clear that most of the intermediates in TCA cycle (2-oxoglutaric acid, succinic acid, 
isocitric acid, malic acid, cis-aconitic acid, citric acid, pyruvic acid, thiamine diphosphate and 
oxaloacetic acid) were accumulated in WT 9-1B (Fig. 4.5B). The increase in the abundance 
of these metabolites in WT 9-1B compared to 93-5A were also in agreement with the results 
previously described in Chapter 3 (Fig. 3.8, Chapter 3). Interestingly, the putatively identified 
Acetyl-CoA was found to be drastically increased in 93-5A as a result of glufosinate 
treatment (Fig. 4.5B). 
 
The clustering pattern of PCA score plots of these 2 HR cultivars, 93-2B and 93-5A with the 
parental wild type, WT 9-1B corresponded well with the outcome from the pathway analysis 
Global metabolites of both 93-2B and 93-5A clustered together with WT 9-1B under control 
conditions (without glufosinate treatment) (Fig. 4.6A and B) which were in agreement with  
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Figure 4.6 PCA scores plots illustrating HR and parental wild type cultivar with and without 
glufosinate treatment. A) 93-2B vs WT 9-1B under control condition, B) 93-5A vs WT 9-1B 
under control condition, C) 93-2B vs WT 9-1B after glufosinate treatment and D) 93-5A vs 
WT 9-1B after glufosinate treatment. 
A) B) 
C) D) 
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the fact that no pathways were significantly identified using the mummichog algorithm under 
control conditions (Table 4.3). For the glufosinate-treated samples, only 93-5A showed a 
clear separation from the wild type (Fig. 4.6D) but not with 93-2B (Fig. 4.6C). These results 
were in line with the pathway analysis where 93-5A showed significant differences in 2 
metabolic pathways: Phenylalanine metabolism and tricarboxylic acid (TCA) cycle in 
response to glufosinate treatment (Table 4.4) but none of these pathways were found to be 
significantly affected in 93-2B (Table 4.4). 
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4.4 Discussion 
 
4.4.1 Comparison of the HR-LC-MS based metabolome without glufosinate treatment 
 
A detailed pair-wise comparison with a statistical threshold (adjusted-p < 0.01 and fold 
change > ǀ1.5ǀ) only detected 2 significantly different features between the weak resistant line, 
93-2B and a parental wild type, WT 9-1 B (Fig. 4.2A, Table 4.1) as well as 2 other features 
arising from comparing the strong resistant line, 93-5A to WT 9-1B (Fig. 4.2B, Table 4.1). It 
should be noted that features were extracted from the actual peaks of mass spectra to 
represent metabolites/adducts. The significant differences in these unique features (2 out of 
421 features) detected by HR-LC-MS spectra accounted for 0.47% of the entire HR-LC-MS 
based metabolome in this univariate analysis, suggesting a very minimal effect of the  pat 
gene insertion and its effect on metabolism of 93-2B and 93-5A. As previously mentioned in 
Chapter 1, Section 2.3.2, the molecular ions and associated adducts determined by different 
LC-MS instruments are different from vendor to vendor and MS or MS/MS. These 
differences are primarily due to the lack of standardization such as variations in the collision 
energy and no standard library for metabolite identification. Therefore, the identification of 
these unique features remained unresolved and further elucidation of its identification and 
molecular structures will require further research. In this research, I applied HR-LC-MS to 
generate global metabolic fingerprints of 4 HR buffalo grass cultivars and 3 wild type 
varieties. Their fingerprints not only captured the metabolic states but also provided a 
massive quantitative dataset to support a biosafety assessment of the HR lines compared to 
the wild type varieties.  
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Furthermore, PCA scores plots of all groups of samples based on global metabolites exhibited 
overlapping clusters of all 3 wild type cultivars with the 4 HR cultivars under normal 
conditions (without herbicidal stress) (Fig. 4.4). Furthermore, the same clustering patterns 
were observed in the PCA plots where 93-2B grouped with WT 9-1B (Fig. 4.6B) and 93-5A 
clustered with WT 9-1B (Fig. 4.6B). These results indicated a similarity between the wild 
type and HR buffalo grasses with respect to their global metabolites. Because HR-LC-MS 
based mass spectra included a vast dynamic range of both primary and secondary 
metabolites, minimal differences identified from univariate analysis together with a tightly 
clustering between HR and wild type buffalo grasses on the PCA plot allowed for the 
conclusion that the chemical diversity of both HR and the wild type were similar and 
therefore, the effect of the inserted pat gene is negligible. This outcome is consistent with the 
findings in Chapter 3 using GC-MS untargeted metabolomics approach, that has provided 
evidence for us to declare ‗substantial equivalent‘ between the newly developed HR buffalo 
grasses and the wild type comparators.     
 
In line with the minimal effects of the inserted pat gene discussed above, the pathway 
analysis did not detect any significant enriched pathways as a result of the pat gene insertion 
(Table 4.3). The pathway analysis was conducted systematically by directly mapping the 
subset of metabolites measured by HR-LC-MS onto corresponding metabolites (based on 
equivalent m/z between HR-LC-MS and KEGG metabolites) presented in all known 
pathways of rice which were deposited in KEGG database. Although 0.47% of metabolites 
were identified as significantly different between the HR lines, 93-2B and 93-5A and a 
parental wild type, WT 9-1B by univariate analyses (see above), the insignificant outcome of 
the pathway analysis (Table 4.3) implies that these significant differences have no effects on 
at the metabolic level. Therefore, it is possible to conclude that the pat gene insertion had 
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unnoticeable effects on metabolism of both 93-2B and 93-5A and also our HR buffalo grasses 
are similar to that of the wild type, WT 9-1B comparator. 
 
It was concluded here that the results from both GC-MS (Chapter 3) and HR-LC-MS (the 
current chapter) were consistent with each other, leading to the same findings for both 
methods. However, in some studies in other plant species, the conclusions based on GC-MS 
may not agree with that from HR-LC-MS (Barros et al., 2010; Harrigan et al., 2016; Mesnage 
et al., 2016). By using GC-TOF-MS, Harrigan et al. (2016) observed very little effects of a 
transgenic glyphosate-resistant trait in Roundup Ready
®
 maize in comparison to its isogenic 
comparator which were grown in 3 different locations in the US. The authors concluded that 
the difference between GM maize and its comparator were largely due to residual genetic 
variation associated with backcrossing practice in the breeding program rather than a direct 
effect of the introduced trait. In contrast, Mesnage et al. (2016) detected alterations in several 
classes of metabolites in the same GM maize when used HR-LC-MS technique. The obvious 
alteration in the HR-LC-MS based metabolome of GM maize compared to its comparator 
was an increase in the abundance of numerous polyamines (N-acetyl-cadaverine, N-
acetylputrescine, putrescine and cadaverine) followed by a reduction in sugars and the 
heterogeneous responses of several TCA intermediates (Mesnage et al., 2016). Although 
different analytical instruments seemed to be a major contributor to the divergence in their 
conclusions (Harrigan et al., 2016; Mesnage et al., 2016), the effects of different experimental 
setup should not be overlooked. In a GC-TOF-MS based study, plants were grown at 3 
different sites and variation in the growing sites and natural genetic variation were taken into 
account as combined-mean sites were used in the comparative analyses, based on several 
robust statistical tests (Harrigan et al., 2016). However, the UPLC-Q-orbitrap-MS based 
study intended to eliminate any diversity arising from environmental variations by strictly 
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growing the plants under similar conditions and seasons (Mesnage et al., 2016), thus allowing 
for a focus on identifying the factors attributing to the effects of the GM transformation 
process only. Differences in experimental designs may lead to different levels of variance in 
the dataset, resulting in divergent conclusions. Therefore, further research with a consensus 
assessment protocol should be outlined to allow for a more logical comparison across several 
platforms in the future. 
 
4.4.2 Comparison of the HR-LC-MS based metabolome 3 days  after a single application of 
glufosinate treatment 
 
Following glufosinate treatment, univariate analysis was able to detect only a significant 
(adjusted-p < 0.01 and fold change > ǀ1.5ǀ) up-regulation in 1 single feature in 93-2B 
compared to WT 9-1B (Fig. 4.3A and Table 4.2). It should be noted that features were 
extracted from the actual peaks of mass spectra to represent metabolites/adducts. This result 
clearly indicated that the weak resistant line, 93-2B and the sensitive wild type WT 9-1B 
responded to glufosinate treatment in a similar manner. This is again consistent with the 
conclusion from the previous GC-MS untargeted results dataset discussed in Chapter 3 where 
only 4 metabolites (sucrose, fructose-6-phosphate, melibiose  and xylose) were found to be 
significantly increased (p < 0.05) in 93-2B compared to WT 9-1B (Table S3.3, Appendix).  
Further pathway analysis based on the HR-LC-MS metabolome between the weaker HR line, 
93-2B and the parental wild type, WT 9-1B did not identify any significant enriched 
pathways as a result of the combinatorial effects of the inserted pat gene and herbicide 
application (Table 4.4). These results implied that the combined effects either had no effects 
on metabolic pathways of WT 9-1B and 93-2B or imposed very similar metabolic alterations 
on both lines. The former explanation seemed not to be the case because it was evident from 
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the PCA that all 3 wild types and 93-2B were considerably affected by glufosinate treatment 
(Fig. 4.4). The latter explanation was very likely as a similar glufosinate responses in both 
WT 9-1B and 93-2B     would lead to fewer differences in concentration of metabolites 
between both lines. With only a few compounds showing significant differences, prominent 
differences at the metabolic pathways levels between WT 9-1B and 93-2B were unlikely. 
 
In contrast, 93-5A and WT 9-1B metabolism were different in response to glufosinate 
because univariate analysis detected as many as 38 significant different features between 
them (Fig. 4.3B and Table 4.3). It should be noted that features were obtained from the 
actual peaks of mass spectra to represent metabolites/adducts. Most of the significantly 
different features (21 features) clustered between a retention time (RT) 5-10 min with a 250 
to 1,200 mass-to-charge ratio (m/z) range. A preliminary search based on m/z of these 
significant features on METLIN database (https://metlin.scripps.edu/landing_page.php?pgco 
ntent=mainPage) revealed their putative identification as secondary metabolites and short 
chain polypeptides. For example, 663.265 m/z feature at 8.369 min RT was matched with 
myricanol 5-laminaribioside, a sugar found in a fruit of Myrica rubra (Chinese bayberry). 
(https://pubchem.ncbi.nlm.nih.gov/compound/Myricanol-5-laminaribioside). Another 
example was a 680.264 m/z feature at 8.3723 min RT which was identified as a short chain 
polypeptide, phenylalanine-phenylalanine-phenylalanine-tryptophan. Although the 
preliminary search did not provide very useful information for further discussion, it offered  a 
simple trend to view the different responses between 93-5A and WT 9-1B.  
 
Regarding fold change analysis, 34 features were found to be significantly decreased in 93-
5A compared to WT 9-1B (Fig. 4.2B and Table 4.3). Because these features were identified 
from a pair-wise comparison, the results may, instead, indicate an up-regulation of these 
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features in WT 9-1B. When HR-LC-MS based metabolites obtained from all groups of 
samples (both wild type and HR cultivars with either present or absent of glufosinate 
treatment) were plotted on PCA, the glufosinate-treated wild type was clearly differentiated 
from the other groups of samples (Fig. 4.4). The separation of the glufosinate-treated wild 
types on PCA plots suggested a tremendous alteration in metabolism of 3 wild type cultivars 
in response to glufosinate treatment. Therefore, it is most likely that the significant difference 
between 93-5A and WT 9-1B was a result of a significant increase of metabolites in WT 9-
1B. This interpretation was in agreement with the comparative fold change analysis between 
93-5A and WT 9-1B as presented in Chapter 3 (Table S3.3, Appendix). Because a 
preliminary search of the significant features in Fig. 4.2B was, at some degree, matched with 
a short chain polypeptide, it was hypothesize that glufosinate induced the sensitive cultivar, 
WT 9-1B to undergo senescence leading to protein degradation. Therefore, a subsequent 
increased in free amino acids and short chain polypeptides were observed (Fig. 4.3B and 
Table 4.2). If this hypothesis is true, it is consistent with 1) the reported accumulation of 
serine, glycine, arginine, tyrosine, valine, phenylalanine, isoleucine, leucine, ornithine and 
lysine in glufosinate-treated green foxtail and barley shoots by Shelpi et al. (1992) as well as 
2) our previous hypothesis which was discussed extensively in Chapter 3.  
  
In this present study, HR-LC-MS and GC-MS platforms complemented each other when 
metabolomes of all sample were analyzed together using PCA. In Chapter 3, the PCA plot 
separated the GC-MS based metabolome of buffalo grasses into 2 groups (Fig. 3.4A, Chapter 
3) whereas the HR-LC-MS metabolome in the current chapter separated into 3 groups (Fig. 
4.4). In Chapter 3, all 3 wild type and 4 HR cultivars under controlled condition (without 
glufosinate treatment) clustered with the glufosinate-treated metabolomes of the 3 stronger 
HR lines, 93-1A, 93-3C and 93-5A on the PCA (Fig. 3.4A, Chapter 3). However, all 3 wild 
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type cultivars and the weaker resistant line, 93-2B with glufosinate treatment clustered 
together and separated from the former group along PC1 (accounting for 30% of variance) 
(Fig. 3.4A, Chapter 3). In contrast, the PCA of the HR-LC-MS dataset in the current chapter 
separated buffalo grasses into 3 groups in a similar manner to the PCA plot shown in Chapter 
3, except 1 additional group was created (Fig. 4.4). The emerging group formed from the 3 
stronger HR lines (93-1A, 93-3C and 93-5A) treated with glufosinate by isolating from the 
control group (without glufosinate treatment). This extra group positioned between the 
control group and the glufosinate-treated wild types along PC1 and PC2 (total variance of 
23.9%) (Fig. 4.4). Obviously, the new group was isolated on the PCA due to the contribution 
of additional secondary metabolites identified by HR-LC-MS. This fact highlighted the 
importance of additional secondary metabolites to empower the comparative analyses of the 
stress response research.  
 
The separation of the glufosinate-treated HR lines on the PCA indicated that despite being 
protected by the PAT enzyme, the HR buffalo grasses still produced a certain amount of 
secondary metabolites in response to glufosinate treatment, causing them to be differentiated 
from the non-herbicidal treated group (Fig. 4.4). However, the concentrations of the 
glufosinate-induced production of secondary metabolites in the 3 glufosinate-treated HR lines 
(93-1A, 93-3C and 93-5A) must be considerably lower than those produced in the 3 sensitive 
wild types and the weaker HR line (93-2B), in response to glufosinate treatment because the 
3 stronger HR lines were still isolated from the wild types and 93-2B on the PCA plot (Fig. 
4.3). This notion was supported by the outcome of the pathway analysis based on a pair-wise 
comparison between 93-5A and WT 9-1B (Table 4.4) because phenylalanine metabolism 
which was strongly related to the production of numerous secondary metabolites (see review 
by Dixon & Paiva, 1995) was identified as the most significantly enriched pathway in 
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response to the effects of the inserted pat gene and application of herbicide (Table 4.4). 
Phenylalanine metabolism (KEGG map: 00360, https://www.genome.jp/kegg-
bin/show_pathway?map00360) describes the catabolism of phenylalanine that then leads to 
various smaller molecules readily returning to primary metabolism such as the TCA or 
continuing with the production of secondary metabolites such as alkaloids (Fig. 4.7). 
Therefore, the significant enrichment in the phenylalanine pathway suggests that the sensitive 
line, WT 9-1B substantially produced secondary metabolites via phenylalanine metabolism 
when compared to the strong HR line, 93-5A. This assumption was supported by the 
measurable up-regulation of 5 putative metabolites of phenylalanine metabolism in WT 9-1B. 
Five putative metabolites included L-phenylalanine, phenylacetaldehyde, trans-cinnamic 
acid, phenylpyruvic acid and 4-coumaric acid (Fig. 4.5A). Increases in phenylalanine in 
response to glufosinate treatment were previously discussed in Chapter 3 as a result of 
glufosinate-induced up-regulation of protein turnover. Increase of phenylalanine-derived 
metabolites (phenylacetaldehyde, trans-cinnamic acid, phenylpyruvic acid and 4-coumaric 
acid) were likely due to 1) increased in the level of the precursor, phenylalanine and 2) a 
stress-induced production of specialized metabolites such as phenylpropanoids to prevent 
plants from oxidative damage (Manela et al., 2015).   
 
In agreement with the first cause (accumulations of phenylalanine derived metabolites 
induced by increased phenylalanine), the evidence from a feedback-insensitive 3-deoxy-D-
arabino-heptulosonate 7-phosphate synthase enzyme (AroG*) of Vitis vinifera cv. Gamay 
Red which was genetically engineered to enhance phenylalanine and tyrosine levels showed 
several fold increases in the abundance of  trans-cinnamic acid, phenylpyruvic acid and 4-
coumaric acid compared to the control cultivar (Manela et al., 2015). Additionally, elevation 
of benzenoid phenylpropanoid volatile compounds such as phenylacetaldehyde were also  
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Figure 4.7 Diagram of phenylalanine metabolism (KEGG map: 00360) with a slight modification. NB: orange boxes represent primary 
metabolism, green boxes represent secondary metabolism and pink boxes represent metabolites showed in Fig. 4.5 with considerable 
accumulation in WT 9-1B. NB: TCA = Tricarboxylic acid cycle. 
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detected in AroG* purple petunia (Petunia x hybrida) in parallel with increases in 
phenylalanine (Oliva et al., 2015). The enhancement of phenylalanine allowed for the 
increase of the subsequent production of these classes of specialized secondary metabolites 
because a normally low concentration of phenylalanine was a rate-limiting step of the 
pathway.  
 
In supporting the second cause (accumulations of phenylalanine derived metabolites directly 
induced by herbicidal stress), because these metabolites (phenylacetaldehyde, trans-cinnamic 
acid, phenylpyruvic acid and 4-coumaric acid) were also presented in phenylpropanoid 
biosynthesis pathway, induction of phenylpropanoid metabolites as well as expressions of 
phenylpropanoid-related genes in response to environmental stresses could be a reason for 
increasing amount of the above phenylalanine-derived metabolites in WT 9-1B. For example, 
phenylpropanoid compounds: chlorogenic acid, alkyl ferulic acid esters, and cell wall-bound 
phenolic esters were enhanced in response to wounding effects and pterocarpans (e.g., 
glyceollin), isoflavans, prenylated isoflavonoids, stilbenes, psoralens, coumarins, 3-
deoxyanthocyanidins, flavonols (e.g. quercetin, kaempferol), and aurones were increased in 
response to pathogen attack (see review by Dixon & Paiva, 1995). Furthermore, a 
comprehensive analysis of microarray data of Arabidopsis thaliana detected significant 
increases in the expression of genes encoding phenylalanine ammonia-lyase (pal) in response 
to cold stress (Less & Galili, 2008). Because phenylalanine ammonia-lyase (PAL) catalyzed a 
conversion of phenylalanine to trans-cinnamic acid at an entry point of phenylpropanoid 
biosynthesis pathway, up-regulation of PAL activity, hypothetically, could lead to subsequent 
increase in many phenylalanine-derived secondary metabolites. In agreement with 2 proposed 
causes of enhancing phenylalanine derivatives, an increase in the substrate, phenylalanine 
and many phenylalanine derivatives (trans-cinnamic acid, phenylpyruvic acid, 
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phenylacetaldehyde, 4-coumaric acid and 4-hydroxybenzoic acid) was observed in the 
glufosinate-treated WT 9-1B, using both GC-MS and HR-LC-MS platforms (Fig. 4.5A).  
 
A further pathway analysis based on the HR-LC-MS metabolome between 93-5A and WT 9-
1B also identified the second significant enriched pathway, TCA cycle (Table 4.4). The TCA 
cycle is a central metabolism to circulate primary metabolites to supply necessary substrates 
for the production of numerous secondary metabolites as well as to generate energy. Here, the 
glufosinate affected TCA cycle by causing both accumulation and reduction of several 
intermediates (Fig. 4.5B). One distinct alteration was an increase in the abundance of Acetyl-
CoA in 93-5A compared to the wild type (Fig. 4.5B) whereas most of the intermediates in the 
TCA cycle were decreased in 93-5A (citric acid, cis-aconitic acid, isocitric acid, 2-
oxoglutaric acid and succinic acid, fumaric acid) (Fig. 4.5B). As 93-5A required a substantial 
amount of Acetyl-CoA to acetylate glufosinate, catalyzed by phosphinothricin 
acetyltransferase (PAT), the increasing amount of Acetyl-CoA would benefit the defense 
mechanisms. However, the mummichog-based pathway analysis revealed a reduction in a 
putative pyruvic acid, an immediate precursor of Acetyl-CoA. Moreover, a putative co-
enzyme of pyruvic acid dehydrogenase, Thiamine diphosphate (TPP) which was necessary 
for a conversion of pyruvic acid to Acetyl-CoA was also reduced in 93-5A (Fig. 4.5B). On 
one hand, it was unlikely that Acetyl-CoA accumulation here was produced by an oxidative 
decarboxylation of pyruvic acid catalyzed by pyruvic acid dehydrogenase complex in 
mitochondria (Berg et al., 2012). On the other hand, it was also possible that increasing 
demand in Acetyl-CoA to acetylate glufosinate may exhaust its immediate precursors 
(pyruvic acid), leading to the observed reduction in pyruvic acid accompanied with the 
reduction of its co-enzyme (TPP).  
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An alternative production of Acetyl-CoA is localized in cytosol (Berg et al., 2012) and it was 
probably a source of Acetyl-CoA buildup observed in this study (reactions in red ellipse, Fig. 
4.8). In the cytosol, ATP Citrate Lyase (ACL) catalyzes a cleavage of citrate to produce 
Acetyl-CoA (Fatland et al., 2002). This cytosolic Acetyl-CoA was a sole precursor to feed 
carbon to Mevalonate pathway (MVA). It was well-accepted that intermediates of MVA are 
required as precursors for the biosynthesis of thousands of metabolites for the biosynthesis of 
terpenoids (Tholl, 2015). Examples of these compounds, including sesquiterpenes, 
triterpenes, and sterols, are highly involved in plant defensive mechanisms against both 
abiotic and biotic stresses (Drijfhout & Morgan, 2010; Yoneyama & Natsume, 2010). 
Unfortunately, the data generated from this research was still insufficient to explain the 
mechanisms which underlined this increase in TCA cycle in the glufosinate-treated WT 9-1B. 
Recently, a comprehensive review by Babele and Young (2019) reported several successful 
applications of metabolomics and fluxomics to identify a key regulatory point in TCA cycle 
(also other carbon metabolisms) of various cyanobacterium, Synechocystis spp. under 
different light conditions. This approach first involves labelling cells with stable isotopes and 
then measuring the abundance of key metabolites and rates of incorporation and 
interconversion of isotopically labeled compounds, using HR-MS. Finally, metabolic flux 
analysis (MFA) strategies are applied to the obtained information to create mathematical 
modeling to estimate in vivo metabolic fluxes. Therefore, the future research applying a 
stable isotope labelling experiments may elucidate mechanisms behind the altered TCA cycle 
in glufosinate-treated wild type buffalo grass. 
 
4.4.3 Concluding remarks 
 
The HR-LC-MS based metabolomics confirmed a similarity between the wild type and HR 
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Figure 4.8 Metabolic mapping of identified compounds measured in buffalo grasses 3 days 
after a single application of glufosinate treatment. The mapping was modified from Fig. 3.8 
by including putative metabolites detected by HR-LC-MS (highlighted in pale blue). NB: 
intensity of the legend colour increased with the increased levels of resistance. Red ellipse 
indicates increasing Acetyl-CoA in HR lines to detoxify glufosinate and black ellipse 
represents enzyme. 
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cultivars under controlled condition without glufosinate treatment. Based on these findings, 
the newly developed HR buffalo grasses could be declared ‗substantial equivalent‘ to their 
parental wild type. It also means that if any risks associated to these HR grasses were 
somehow present, the risk would be within those acceptable ranges presented in the wild type 
comparators. The effects of glufosinate were only observed between a strong HR cultivar, 93-
5A and the wild type comparator but not for that comparison between the weak HR cultivar, 
93-2B and its wild type. Based on the mummichog-based pathway analyses, 2 pathways were 
significantly affected by glufosinate in 93-5A. These pathways were phenylalanine 
metabolism and TCA cycle. Both of them correlated to the possible up-regulation of 
secondary metabolites in order to enhance plant defense mechanisms against the challenged 
stress at the expense of reduced primary metabolisms. 
 
Finally, it is clear that complementary platforms between GC-MS (Chapter 3) and HR-LC-
MS (Chapter 4) based metabolomics could serve as excellent approaches to characterize GM 
plants. However, an increasing number of comprehensive analyses to answer any biological 
questions have now been carried out with more than one type of untargeted profiling 
technologies (see review by Pinu et al., 2019). Integration of multiple omics across different 
platforms has been growing in popularity among scientists due to a recent ease, a significant 
reduction in cost and a rapid progress in the integration techniques (see review by Misra et 
al., 2018). Multiple omics are now applied to answer various biological questions in a vast 
range of biological samples (Maroli et al., 2018; Nikiforova et al., 2005; Rebollar et al., 2016; 
Šimura et al., 2018). With respect to biosafety assessments, additional omics platform(s) 
should provide more evidence for comparative analyses between GM and non-GM 
organisms. As a result, a better conclusion could be drawn with higher confidence. Because 
metabolites were an immediate downstream product of proteins, the next chapter will include 
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2 proteomics approaches (top down and bottom up proteomics) to examine HR buffalo 
grasses.  
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Chapter 5 
Proteomics analysis of the strong herbicide resistant (HR) buffalo 
grasses in response to glufosinate treatment
4
   
 
5.1 Introduction 
 
Although, proteomics is a powerful molecular profiling tool to describe protein diversity with 
high accuracy (Schluter et al., 2009; Smith et al., 2013), no regulatory authority requires 
compulsory untargeted molecular profiling analysis to be performed prior to marketing new 
GM crops. However, the potential of proteomics for reliable risk assessment of food and feed 
has increasingly been recognized (Heinemann et al., 2011). Proteomics is able to provide 
information regarding the detection and identification of potentially hazardous products, such 
as toxins, allergens and antinutrients (Gong & Wang, 2013). It is worth mentioning that a 
number of these harmful substances are proteins [e.g. Gald1 (a cod fish allergen protein), 
lectin, protease inhibitors] (Bannon, 2004; Zuverink & Barbieri, 2018). Recently, increasing 
number of comparative proteomics studies between GM crops and their conventional 
comparators to investigate pleotropic effects of genetic modification at the protein level have 
been reported. For example, comparative proteome analyses were performed in glyphosate- 
resistant maize with and without herbicide treatment (Mesnage et al., 2016), overexpressing-
phytase maize (Tan et al., 2017), insect-resistant Bacillus thuringiensis toxin (Bt)-cotton 
(Wang et al., 2015) and stacked traits of glufosinate and insect-resistant rice (Gong et al., 
2012). Despite declaring „substantial equivalence‟ for some of the above transgenic crops, 
                                                          
4
 The article ―Proteomics analysis of the strong herbicide resistant (HR) buffalo grass in response to glufosinate 
treatment‖ is in preparation for a journal submission. 
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proteomics analyses were sensitive enough to detect slight differences in the relative amounts 
of several proteins between transgenic and conventional cultivars.   
 
In this chapter, BUP and TDP were applied to characterize the endogenous proteome of the 
strong HR cultivar (93-5A) in comparison to its wild type comparator (WT-9-1B). In 
addition, protein identification from the BUP analysis was attempted based on curated data 
from the MASCOT database. Subsequently, univariate and multivariate analysis of data 
obtained from both BUP and TDP were performed to detect a similarity/difference in 
proteome profiles between 93-5A and WT 9-1B. Functional pathway analyses were 
conducted to identify enriched pathways to interrogate the effects of the pat gene insertion as 
well as the additional effects of glufosinate treatment on metabolisms of these 2 buffalo grass 
cultivars as a result of altered (if any) proteome profiles. Integration between metabolomics 
and proteomic was tested, using Multiple Co-Inertia Analysis (MCIA) to visually cluster the 
samples based on the metabolome and proteome profiles. Further integration was also 
achieved by interaction network analyses to identify relationships between every individual 
metabolites and proteins, so that more insightful explanations on the effects of the pat gene 
insertion as well as additional effects of glufosinate treatment on the HR line could be made. 
The results obtained from the proteomics experiments here have provided a greater evidence 
and insight towards the biosafety of this newly-developed HR buffalo grass. 
 
5.2 Materials and methodology 
 
See Chapter 2 General Methodology (Section 2.5). 
 
Chapter 5 
190 
 
5.3 Results 
 
5.3.1 Effect of glufosinate on physiology and total protein  
 
Due to constraints of budget and accessibility to advance instruments, only one pair of 
cultivar (1 wild type and 1 HR cultivar) was allowed for a comparative proteomics study. The 
parental wild type cultivar, WT 9-1B was selected for the comparison because it represented 
an original genome of the 4 HR buffalo grass cultivars. As presented in Chapter 3, the HR 
buffalo grass, 93-5A demonstrated not only the greatest relative pat expression (Fig. 3.2A) 
but also the strongest resistance to glufosinate treatment (Fig. 3.1G). Moreover, a similarity 
between its metabolome and that of WT 9-1B was extensively discussed in Chapter 3, 
leading to the conclusion that 93-5A is substantial equivalent to WT 9-1B. Therefore, 93-5A 
has a potential for a development to become a product in a market later because 1) it is less 
likely for 93-5A to be physically damaged by a glufosinate application in the field trials that 
has to encounter an unpredicted combination of several environmental factors and 2) 93-5A 
is expected to pose an acceptable level of risk (if any) to environment and users if compare it 
to the wild type comparator with a long history of safe use. At the end, investment in time 
and budget to conduct the comparative proteomics studies of 93-5A is sound and beneficial.    
  
Prior to performing high-throughput proteomics as presented in the following sections 
(Section 5.3.2 and 5.3.3), the total protein content was determined, using a classical 
colorimetric technique called the bicinchoninic acid assay (BCA assay). The samples were 
divided into four major groups according to cultivars and treatments. Samples used were the 
parental were the parental wild type (WT 9-1B) and the strongest HR cultivar (93-5A) with 
and without glufosinate treatment (x 4 biological replicates for all samples). The results 
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showed that the total protein content of most individual replicates were above 2.5 mg/mL 
(Fig. 5.1A). However, two of the WT 9-1B replicates (BG6 and BG7) demonstrated a 
noticeable decrease in the total protein content as low as 2.0-2.4 mg/mL under glufosinate 
treatment. When senescence levels were plotted together with the total protein content, it was 
likely to assume that the higher the senescence levels, the lower concentration of protein (Fig. 
5.1A). To confirm this observation, a scatter plot between protein concentration and 
senescence levels was constructed, revealing a moderate inverse relationship between these 
two parameters (Fig. 5.1B). 
 
5.3.2 Top-down proteomics (TDP) of the strong HR buffalo grass (93-5A) 
 
5.3.2.1 Top-down proteomics mass spectral comparisons 
 
As mentioned in the Section 5.1, top-down proteomics (TDP) offered the identification of the 
complement proteome with complete sequence and/or PTMs information (Toby et al., 2016). 
In this project, comparative analysis of TPD between the wild type, WT 9-1B and the strong 
HR buffalo grasses, 93-5A was conducted. By applying high resolution liquid 
chromatography-mass spectrometry (HR-LC-MS), the total ion chromatograms (TICs) of 
both WT 9-1B and 93-5A with and without glufosinate treatment were generated. According 
to the pattern of protein clusters observed in the processed chromatograms, protein 
expression of WT 9-1B (Fig. 5.2A) and 93-5A (Fig. 5.3B) were very similar under controlled 
condition. After glufosinate treatment, several protein clusters (yellow box, Fig. 5.2C) 
between 17-21 min diminished from WT 9-1B whereas the pattern of clusters distributed in 
93-5A (Fig. 5.2D) remained similar to the baseline samples (without glufosinate treatment) 
(Fig. 5.2A, B). These noticeable differences in the TICs of the glufosinate-treated WT 9-1B  
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Figure 5.1 Total protein concentration and senescence levels of buffalo grass leaves. Samples 
were divided into 4 groups according to cultivars and herbicidal treatments between the 
strong HR, 93-5A (HR) and a wild type, WT 9-1B (WT) with (_Glu) and without (_cn) 
glufosinate treatment. A) Bar charts represent levels of protein concentrations (green bars) 
and senescence (orange bars). B)  Scatter plots demonstrate the relationship between total 
protein concentration and senescing scores. NB: Error bar is not presented because each 
green and orange bar represents individual biological replicate and therefore standard error 
(SE) is unable to be calculated.  
B) 
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compared to other samples were likely a result of dramatic senescence occurring in this group 
of samples (Fig. 5.2C). 
 
5.3.2.2 Multivariate analyses 
 
PCA calculated from the concentration of each cluster appearing in the 2D chromatograms 
allowed the grouping of samples based on their protein expression levels. The scores plot 
clearly indicated that only WT 9-1B treated with glufosinate was different from other 
samples on PC1 (Fig. 5.3A). It was evident that the endogenous proteome of both WT 9-1B 
and the strong HR line (93-5A) were similar under control conditions (without glufosinate 
treatment). According to these observations, glufosinate appeared to cause tremendous effects 
on the WT 9-1B but not on 93-5A. Among the glufosinate-treated WT 9-1B, one of the 
biological replicates (BG6) was highly affected by glufosinate so that it was differentiated 
from the rest of WT 9-1B replicates (violet circle in Fig. 5.3A). This prominent distinction 
corresponded well with a pattern of clusters based on senescence scores (Fig. 5.3B). Taken 
into account this pronounced relationship between the proteome and senescence scores, it 
was possible to hypothesize that glufosinate exerted its effect on protein expression of the 
WT buffalo grass through senescing processes.  
 
5.3.3 Bottom-up proteomics (BUP) analyses of the strong HR buffalo grass (93-5A) 
 
5.3.3.1 Univariate analyses of bottom-up proteomics (BUP) 
 
As mentioned above, bottom-up proteomics (BUP) initiated with the digestion of proteins in 
the crude mixtures with trypsin to produce fragmented peptides of varying sizes, allowing the  
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Figure 5.2 Comparison of 2D chromatograms (TICs) of the parental wild-type, WT 9-1B (A and C) to the strong HR line, 93-5A (B and D) 
with (C and D) and without (B and D) glufosinate treatment. Photographs provide evidence of the phenotypes of buffalo grasses at the time of  
harvest. NB: Yellow box indicates the absence of protein clusters. 
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Figure 5.3 PCA scores plot of A) top-down proteomics between the parental wild type, WT 9-1B to the strong HR, 93-5A with (_Glu) and 
without glufosinate treatment (_cn). B) PCA scores plot based on senescence scores (score 0-9 with 0 = healthy green leaves, 9 = highly 
senescing and desiccated leaves). NB: a violet circle = the outlier proteomics belonging to 1 of the biological replicates (code: BG6) from the 
glufosinate-treated WT 9-1B. A black dotted line separated the glufosinate-treated WT 9-1B from the other groups of samples along PC1 and 
PC2 (59% total variance). Red, green and black ellipses indicate different clusters depending on senescence scores. 
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ease of analysis by tandem mass spectrometry (MS/MS) at the expense of a partial deficit in 
some key aspects of protein structures. After mass spectra were processed (noise subtraction, 
chromatogram peak alignment detection, peak identification, isotopic clustering and peak 
intensity calculation), 28,095 clusters were detected (Table 5.1, Step 1). These clusters 
represented the possible peptides originating from the entire proteome. The relative 
abundance of detected clusters from the strong HR cultivar, 93-5A were subsequently 
compared to its parental wild type, WT 9-1B, using a student‘s t-test with FDR correction. 
According to the comparison, 971 peptides (accounted for 3.45%) showed differences in their 
abundance (p < 0.01) between 93-5A and WT 9-1B under controlled condition (without 
glufosinate treatment) (Table 5.1, Step 1). It is worth mentioning that this cut-off value is 
widely used in a typical proteomics workflow as it was considered as a suitable level to 
handle several thousand features which are typical in proteomics data processing (Higdon et 
al., 2010). 
 
After leaves of buffalo grasses were exposed to glufosinate, it appeared that 1,535 clusters 
(accounted for 5.46%) were different in abundances (p < 0.01) in 93-5A compared to WT 9-
1B (Table 5.1, Step 1). A similar number of altered clusters between the samples with and 
without glufosinate treatment probably suggested a minimal effect of glufosinate on protein 
expression of buffalo grass. 
 
Protein identification was performed using the comprehensive protein database, Matrix 
Science (MASCOT; http://www.matrixscience.com). Because proteins from buffalo grass 
(Stenotaphrum secundatum L.) were not annotated in MASCOT, the search was alternatively 
conducted on a closely related annual grass: Foxtail millet (Setaria italica). The search 
matched the original 28,095 clusters to 4,310 peptides (Table 5.1, Step 2) which corresponde 
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Table 5.1 Summary of the steps to generate putative protein identification from HR-LC-MS based mass spectra. 
Steps Detailed Input Results 
    
 Uniprot accession based identification   
1 Deconvolution, noise subtraction, peak detection and isotopic 
clustering 
LC-MS raw spectra 28,095 clusters 
   - 971 clusters (3.45%) with different abundances (p < 0.01) in a comparison between WT 
9-1B and 93-5A without glufosinate treatment                                           
   1,535 clusters (5.46%) with different abundances (p < 0.01) in a comparison between 
WT 9-1B and 93-5A after glufosinate treatment                                                 
2 MASCOT search on Setaria italica annotated proteins, using Protein 
discovery 1.4 
Detected clusters 4,310 unique peptides 
3 Removed redundancy peptides as well as inferred protein 
identifications 
Unique peptides 243 putative proteins 
4 Pathway mapping onto metabolism of S. italica, using STRING 
version 11.0 and STITCH version 5.0 
Unique peptides 82 putative proteins (comparison between WT 9-1B and 93-5A without glufosinate treatment) 
   128 putative proteins (comparison between WT 9-1B and 93-5A after glufosinate treatment) 
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-d to 243 putative proteins [as different peptides inferred to the same putative 
proteins (Table 5.1, Step 3)].  
 
The relative abundance of 243 putative proteins between the parental wild type (WT 9-1B) 
and the strong HR line (93-5A) was then compared, using the student‘s t-test with FDR 
correction. Comparative analysis of the control samples (without glufosinate treatment) 
identified 58 differentially significant peptides (p < 0.05, log2 fold change (log2FC) > ǀ0.585ǀ) 
between WT 9-1B and 93-5A (Table 5.2). Note that log2FC > ǀ0.585ǀ is equivalent to fold 
change > 1.5 and < 0.5. This cut-off level was selected following a biosafety assessment of 
transgenic maize previously reported in the literature (Tan et al., 2016). These proteins with 
different abundances were then searched for their biological function according to gene 
ontology (GO) terms (http://amigo.geneontology.org/amigo/search) (Table 5.2). Fifty eight 
peptides were found to be involved in a wide range of metabolic pathways with most of them 
involved in the following top 3 pathways: protein metabolism (22.4%), transcription and 
(19.0%) and carbon central metabolism (19.0%) (Fig. 5.4A).  
 
A similar univariate analysis was also performed on the glufosinate-treated samples (Table 
5.3). The analysis identified 64 peptides with different abundances (p < 0.05, log2FC > 
ǀ0.585ǀ) between WT 9-1B and 93-5A, following glufosinate treatment (Table 5.3). The 
majority of the 64 identified peptides were predominantly linked to 3 metabolic pathways in 
the following order: protein metabolism (31.3%), carbon central metabolism (17.2%) and 
transcription (10.9%) (Fig.5.4B). Interestingly, 19 putatively identified proteins were 
common between the the baseline (without treatment) (Table 5.2) and the glufosinate-treated 
samples (Table 5.3). 
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Table 5.2 Biological functions of proteins with different abundances between the strong HR line, 93-5A and its parental wild type, WT 9-1B 
variety without glufosinate treatment. A cut-off threshold was p < 0.05 by a t-test as well as fold change > 1.5 (equivalent to log2 fold change 
(Log2FC) > ǀ0.585ǀ).  NB: Log2FC was arbitrarily assigned to WT 9-1B = 0.000. SE = standard error of the mean. Functions defined by GO 
identifiers for each putative protein. t-test = significant p-values estimated by student‘s t-test with FDR application. Annotation (no. of hits) = 
no. of Uniprot accessions showing differences in relative abundance (p < 0.05) if more than 1 Uniprot accessions inferred the same putative 
protein. Blue highlight = putative proteins detected in both Tables 5.2 and 5.3. 
 
UniProt 
accession Annotation WT 9-1B 93-5A t-test Functions Pathways 
 
 
Log2FC 
 
SE Log2FC 
 
SE 
   Accumulation (93-5A > WT 9-1B) 
         A0A368QUA6 Pyrophosphate--fructose 6-phosphate 1-phosphotransferase 
subunit alpha 
0.000 ± 0.602 8.463 ± 0.306 0.017 GO:0047334 diphosphate-fructose-6-phosphate 
1-phosphotransferase activity 
Carbon metabolism 
A0A290Y0Z5 Pyruvate, phosphate dikinase 0.000 ± 0.250 3.492 ± 0.200 0.004 GO:0006090 pyruvate metabolic process Carbon metabolism 
K3XHD1 Glycosyltransferase (2 hits) 0.000 ± 0.305 2.779 ± 0.165 0.002 GO:0016758 transferase activity, transferring 
hexosyl groups 
Carbon metabolism 
K3Y6S4 Dihydrolipoyl dehydrogenase 0.000 ± 0.314 2.132 ± 0.255 0.027 GO:0004148 dihydrolipoyl dehydrogenase 
activity 
Carbon metabolism 
K3Z5U9 Phosphoglycerate kinase 0.000 ± 0.183 2.030 ± 0.247 0.024  GO:0004618 phosphoglycerate kinase activity Carbon metabolism 
K3Y755 Dihydrolipoamide acetyltransferase component of pyruvic 0.000 ± 0.332 1.754 ± 0.131 0.005 GO:0016746 transferase activity, transferring Carbon metabolism 
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acid dehydrogenase complex acyl groups 
K3YGW9 alpha-1,2-Mannosidase 0.000 ± 0.177 1.622 ± 0.211 0.022 GO:0004571 mannosyl-oligosaccharide 1,2-
alpha-mannosidase activity 
Carbon metabolism 
A0A368REM2 Fructose-bisphosphate aldolase 0.000 ± 0.209 1.580 ± 0.228 0.032 GO:0004332 fructose-bisphosphate aldolase 
activity 
Carbon metabolism 
K3ZJD8 Bidirectional sugar transporter SWEET 0.000 ± 0.157 1.201 ± 0.180 0.026 GO:0008643 carbohydrate transport Carbon metabolism 
K3Y6K8 Coatomer subunit delta 0.000 ± 0.482 5.429 ± 0.184 0.002 GO:0030126 COPI vesicle coat Cellular signaling 
K3XEN4 Kinesin-like protein (2 hits) 0.000 ± 0.807 3.150 ± 0.141 0.002 GO:0060632 regulation of microtubule-based 
movement 
Cellular signaling 
K3XFZ6 Two-component response regulator 0.000 ± 0.593 2.265 ± 0.074 0.002 GO:0005667 transcription factor complex Cellular signaling 
K4A4X4 Phospholipid-transporting ATPase 0.000 ± 0.000 24.151 ± 0.400 0.047 GO:0140326 ATPase-coupled intramembrane 
lipid transporter activity 
Energy metabolism 
K3YPA6 Clustered mitochondria protein homolog 0.000 ± 0.772 3.289 ± 0.322 0.035  GO:0048312 intracellular distribution of 
mitochondria 
Energy metabolism 
A0A368PW80 V-type proton ATPase subunit G 0.000 ± 1.000 3.254 ± 0.268 0.021 GO:0016471 vacuolar proton-transporting V-type 
ATPase complex 
Energy metabolism 
K3Z5R1 Vacuolar cation/proton exchanger 0.000 ± 0.334 2.746 ± 0.149 0.002 GO:0015369 calcium:proton antiporter activity Energy metabolism 
K3ZVG2 Peroxidase (2 hits) 0.000 ± 0.107 1.450 ± 0.196 0.019 GO:0007569 cell aging Hydrogen metabolism 
A0A368S9E9 Diacylglycerol kinase (ATP) [EC:2.7.1.107] 0.000 ± 0.000 27.411 ± 0.097 0.000 GO:0004143 diacylglycerol kinase activity Lipid metabolism 
A0A126KC30 Photosystem I assembly protein Ycf4 0.000 ± 1.000 7.695 ± 0.292 0.014 GO:0042651 thylakoid membrane Photosynthesis 
A0A0U2KDE5 Photosystem I iron-sulfur center 0.000 ± 0.396 4.554 ± 0.114 0.000 GO:0009055 electron transfer activity Photosynthesis 
P56647 Ribulose bisphosphate carboxylase large chain 0.000 ± 0.233 1.814 ± 0.104 0.001 GO:0016984 ribulose-bisphosphate carboxylase 
activity 
Photosynthesis 
K3ZA66 Ribulose bisphosphate carboxylase small chain 0.000 ± 0.629 1.695 ± 0.134 0.026 GO:0016984 ribulose-bisphosphate carboxylase Photosynthesis 
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activity 
A0A368PNA6 Nuclear cap-binding protein subunit 2 0.000 ± 0.000 18.681 ± 0.252 0.007 GO:0005846 nuclear cap binding complex Protein metabolism 
C5X799 Urease 0.000 ± 0.605 4.717 ± 0.178 0.002 GO:0009039 urease activity Protein metabolism 
Q640T1 Allantoicase 0.000 ± 0.161 3.509 ± 0.193 0.003 GO:0004037 allantoicase activity Protein metabolism 
K3ZUJ9 rRNA adenine N(6)-methyltransferase 0.000 ± 0.648 3.446 ± 0.250 0.012 GO:0000179 rRNA (adenine-N6,N6-)-
dimethyltransferase activity 
Protein metabolism 
K3Y2S3 40S ribosomal protein S30 0.000 ± 0.687 3.316 ± 0.258 0.015 GO:0003735 structural constituent of ribosome Protein metabolism 
K3ZAX9 60S ribosomal protein L36 0.000 ± 0.329 3.020 ± 0.233 0.010 GO:0003735 structural constituent of ribosome Protein metabolism 
K3ZW60 40S ribosomal protein S3a 0.000 ± 0.183 2.623 ± 0.106 0.000 GO:0003735 structural constituent of ribosome Protein metabolism 
A0A368Q3I1 Glutamate receptor 0.000 ± 0.588 2.418 ± 0.111 0.002 GO:0007215 glutamate receptor signaling 
pathway 
Protein metabolism 
A0A368PJE2 Peptidyl-prolyl cis-trans isomerase (2 hits) 0.000 ± 0.287 2.009 ± 0.228 0.020  GO:0003755 peptidyl-prolyl cis-trans isomerase 
activity 
Protein metabolism 
A0A368R6M8 Aspartate aminotransferase, chloroplastic [EC:2.6.1.1] 0.000 ± 0.064 1.616 ± 0.204 0.017 GO:0006520 cellular amino acid metabolic 
process 
Protein metabolism 
K3Z925 40S ribosomal protein S6 0.000 ± 0.315 1.514 ± 0.233 0.045 GO:0003735 structural constituent of ribosome Protein metabolism 
A0A368RY32 RING-type E3 ubiquitin transferase (2 hits) 0.000 ± 0.117 1.342 ± 0.207 0.029 GO:0004842 ubiquitin-protein transferase activity Protein metabolism 
A0A368PJA6 DNA topoisomerase 0.000 ± 0.000 26.483 ± 0.221 0.004 GO:0003917 DNA topoisomerase type I activity Transcription 
A0A368QRG3 Histone-lysine N-methyltransferase 0.000 ± 0.659 9.029 ± 0.278 0.012 GO:0018024 histone-lysine N-methyltransferase 
activity 
Transcription 
A0A368PNT5 ATP-dependent Clp protease proteolytic subunit 0.000 ± 0.578 6.059 ± 0.219 0.004 GO:0004252 serine-type endopeptidase activity Transcription 
A0A368QR93 AP-1 complex subunit gamma 0.000 ± 0.998 4.251 ± 0.176 0.002 GO:0035650 AP-1 adaptor complex binding Transcription 
A0A368PEB7 ATP-dependent DNA helicase (3 hits) 0.000 ± 0.569 3.071 ± 0.210 0.007 GO:0003678 DNA helicase activity Transcription 
A0A097PN79 RNA helicase 36 0.000 ± 0.183 1.363 ± 0.216 0.036 GO:0004386 helicase activity Transcription 
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P21589-2 Isoform 2 of 5'-nucleotidase 0.000 ± 0.530 2.599 ± 0.171 0.005 GO:0008253 5'-nucleotidase activity Transcription 
A0A368S6F5 rRNA N-glycosidase 0.000 ± 0.391 2.435 ± 0.143 0.002 GO:0030598 rRNA N-glycosylase activity Transcription 
K3XV05 DNA repair protein REV1 0.000 ± 0.122 2.038 ± 0.222 0.015 GO:0003684 damaged DNA binding Transcription 
A0A368S7N6 DNA-directed RNA polymerase subunit 0.000 ± 0.242 1.919 ± 0.205 0.014 GO:0045142 triplex DNA binding Transcription 
C7XRT3 Multifunctional fusion protein 0.000 ± 0.114 1.048 ± 0.154 0.020 GO:0046914 transition metal ion binding Unknown 
           
           
Reduction (93-5A < WT 9-1B)          
A0A368SF88 Glucose-1-phosphate adenylyltransferase 0.000 ± 0.316 -3.367 ± 0.789 0.032 GO:0008878 glucose-1-phosphate 
adenylyltransferase activity 
Carbon metabolism 
A0A368S8P0 Hexosyltransferase (2 hits) 0.000 ± 0.290 -6.278 ± 1.000 0.015 GO:0035252 UDP-xylosyltransferase activity Carbon metabolism 
A0A368QGN6 Ketol-acid reductoisomerase 0.000 ± 0.322 -3.724 ± 0.883 0.031 GO:0004455 ketol-acid reductoisomerase activity Hydrogen metabolism 
K3Y7N9 Aminomethyltransferase 0.000 ± 0.119 -2.832 ± 0.523 0.001 GO:0004047 aminomethyltransferase activity Protein metabolism 
A0A368PRL2 RNA-dependent RNA polymerase 0.000 ± 0.369 -6.048 ± 0.932 0.037  GO:0003723 RNA binding Transcription 
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Table 5.3 Biological functions of proteins with different abundance between the strong HR line, 93-5A and its parental wild type, WT 9-1B 
variety after glufosinate treatment. A cut-off threshold was p < 0.05 by a t-test as well as fold change > 1.5 (equivalent to log2 fold change 
(Log2FC) > ǀ0.585ǀ).  NB: Log2FC was arbitrarily assigned to WT 9-1B = 0.000. SE = standard error of the mean. Functions defined by GO 
identifiers for each putative protein. t-test = significant p-values estimated by student‘s t-test with FDR application. Annotation (no. of hits) = 
no. of Uniprot accessions showing differences in relative abundance (p < 0.05) if more than 1 Uniprot accessions inferred the same putative 
protein. Blue highlight = putative proteins detected in both Tables 5.2 and 5.3. 
 
Uniprot accession Annotation WT 9-1B 93-5A t-test Functions Pathways 
Log2FC  SE Log2FC  SE  
Accumulation (93-5A > WT 9-1B) 
A0A368QUA6 Pyrophosphate--fructose 6-phosphate 1-
phosphotransferase subunit alpha 
0.000 ± 0.486 5.728 ± 0.184 0.002 GO:0047334 diphosphate-fructose-6-
phosphate 1-phosphotransferase activity 
Carbon metabolism 
K3ZRI5 Malic enzyme 0.000 ± 1.000 4.765 ± 0.356 0.036 GO:0004471 malate dehydrogenase 
(decarboxylating) (NAD+) activity 
Carbon metabolism 
K3XGQ8 Pyruvate kinase 0.000 ± 0.646 2.874 ± 0.255 0.019 GO:0006090 pyruvate metabolic process Carbon metabolism 
A0A290Y0Z5 Pyruvate, phosphate dikinase 0.000 ± 0.293 2.774 ± 0.174 0.003 GO:0006090 pyruvate metabolic process Carbon metabolism 
A0A368REK6 Beta-hexosaminidase 0.000 ± 0.600 2.460 ± 0.248 0.023 GO:0005975 carbohydrate metabolic 
process 
Carbon metabolism 
K3YSV8 4-hydroxyphenylpyruvate dioxygenase 0.000 ± 0.605 2.334 ± 0.211 0.016 GO:0003868 4-hydroxyphenylpyruvic acid 
dioxygenase activity 
Carbon metabolism 
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A0A368PN19 Glyceraldehyde-3-phosphate dehydrogenase 0.000 ± 0.392 1.569 ± 0.202 0.034 GO:0004365 glyceraldehyde-3-phosphate 
dehydrogenase (NAD+) (phosphorylating) 
activity 
Carbon metabolism 
K3XIT0 Fructose-bisphosphate aldolase 0.000 ± 0.354 1.493 ± 0.148 0.016 GO:0004332 fructose-bisphosphate aldolase 
activity 
Carbon metabolism 
K4ABV8 Malate dehydrogenase 0.000 ± 0.421 1.241 ± 0.068 0.023 GO:0030060 L-malate dehydrogenase 
activity 
Carbon metabolism 
A0A368QW14 CASP-like protein 0.000 ± 1.000 8.428 ± 0.362 0.033 GO:0030173 integral component of Golgi 
membrane 
Cellular signaling 
A0A368QTE0 Exocyst subunit Exo70 family protein 0.000 ± 1.000 5.473 ± 0.364 0.037 GO:0000145 exocyst Cellular signaling 
K3XFZ6 Two-component response regulator 0.000 ± 0.658 2.061 ± 0.122 0.009 GO:0000160 phosphorelay signal 
transduction system 
Cellular signaling 
K3Z3J3 Plasma membrane ATPase 0.000 ± 0.217 1.955 ± 0.146 0.003  GO:0120029 proton export across plasma 
membrane 
Energy metabolism 
K3Z5R1 Vacuolar cation/proton exchanger 0.000 ± 0.418 1.636 ± 0.173 0.021 GO:0015369 calcium:proton antiporter 
activity 
Energy metabolism 
A0A368SRE1 Phospholipid-transporting ATPase 0.000 ± 0.450 1.595 ± 0.222 0.046 GO:0140326 ATPase-coupled 
intramembrane lipid transporter activity 
Energy metabolism 
A0A368PI76 Citric acid synthase 0.000 ± 0.302 1.087 ± 0.146 0.041 GO:0006099 tricarboxylic acid cycle Energy metabolism 
K3YIW7 Adenylate kinase  0.000 ± 0.274 1.078 ± 0.166 0.047 GO:0004017 adenylate kinase activity Energy metabolism 
K4AC42 Peroxidase (2 hits) 0.000 ± 0.390 1.690 ± 0.158 0.013 GO:0007569 cell aging Hydrogen metabolism 
A0A368S9E9 Diacylglycerol kinase (ATP)  0.000 ± 0.594 8.735 ± 0.215 0.004 GO:0004143 diacylglycerol kinase activity Lipid metabolism 
A0A0U2KND4 Ribulose bisphosphate carboxylase large chain 0.000 ± 0.595 2.492 ± 0.081 0.001 GO:0016984 ribulose-bisphosphate 
carboxylase activity 
Photosynthesis 
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K3YTN3 Ferredoxin-NADP reductase, chloroplastic 0.000 ± 0.275 0.959 ± 0.108 0.034 GO:0004324 ferredoxin-NADP+ reductase 
activity 
Photosynthesis 
A0A368RB28 Auxin response factor (2 hits) 0.000 ± 0.120 1.140 ± 0.061 0.001 GO:0009734 auxin-activated signaling 
pathway 
Phytohormone response 
A0A126KA04 Ribosomal protein S18 0.000 ± 0.000 23.963 ± 0.354 0.030 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
K3YQW0 Arginine decarboxylase 0.000 ± 1.000 4.053 ± 0.127 0.001 GO:0008792 arginine decarboxylase activity Protein metabolism 
A0A0M3PNV0 Ribosomal protein L32 0.000 ± 0.404 3.676 ± 0.183 0.003 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
A0A0U2L1F4 50S ribosomal protein L2, chloroplastic 0.000 ± 0.518 2.845 ± 0.135 0.001 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
U5TXC1 Ribosomal protein L33 0.000 ± 0.450 2.839 ± 0.317 0.038 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
K3Z7N8 Ribosomal protein 0.000 ± 0.533 2.174 ± 0.237 0.026 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
Q8GUQ8 Xanthine dehydrogenase 1 0.000 ± 0.388 1.862 ± 0.119 0.004 GO:0046110 xanthine metabolic process Protein metabolism 
A0A141NXY8 Ribosomal protein S19 0.000 ± 0.613 1.856 ± 0.227 0.043 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
U5TUQ7 Ribosomal protein S14 0.000 ± 0.437 1.835 ± 0.154 0.011 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
A0A368RY32 RING-type E3 ubiquitin transferase 0.000 ± 0.269 1.810 ± 0.114 0.002 GO:0004842 ubiquitin-protein transferase 
activity 
Protein metabolism 
K3ZAX9 60S ribosomal protein L36 0.000 ± 0.429 1.687 ± 0.187 0.024 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
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K4A8J2 Serine/threonine protein phosphatase 2A 
regulatory subunit 
0.000 ± 0.352 1.623 ± 0.236 0.042  GO:0000159 protein phosphatase type 2A 
complex 
Protein metabolism 
K3ZW60 40S ribosomal protein S3a 0.000 ± 0.241 1.494 ± 0.104 0.003 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
Q57S43 Allantoinase 0.000 ± 0.190 1.349 ± 0.109 0.004 GO:0000256 allantoin catabolic process Protein metabolism 
K4A9X9 Elongation factor 1-alpha 0.000 ± 0.227 1.278 ± 0.089 0.004 GO:0003746 translation elongation factor 
activity 
Protein metabolism 
A0A368QWG2 50S ribosomal protein L35 0.000 ± 0.315 1.204 ± 0.127 0.023 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
A0A368PJE2 Peptidyl-prolyl cis-trans isomerase (3 hits) 0.000 ± 0.234 1.167 ± 0.128 0.015 GO:0003755 peptidyl-prolyl cis-trans 
isomerase activity 
Protein metabolism 
K3Y9Y1 60S ribosomal protein L6 0.000 ± 0.156 0.772 ± 0.070 0.011 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
A0A368PEB7 ATP-dependent DNA helicase (3 hits) 0.000 ± 0.736 4.212 ± 0.142 0.001 GO:0003678 DNA helicase activity Transcription 
A0A368S7N6 DNA-directed RNA polymerase subunit 0.000 ± 0.326 2.342 ± 0.180 0.006 GO:0006366 transcription by RNA 
polymerase II 
Transcription 
K3XV05 DNA repair protein REV1 0.000 ± 0.218 2.335 ± 0.125 0.001 GO:0003684 damaged DNA binding Transcription 
P21589-2 Isoform 2 of 5'-nucleotidase 0.000 ± 0.380 2.226 ± 0.260 0.028 GO:0008253 5'-nucleotidase activity Transcription 
A0A368Q7D2 RNA helicase 0.000 ± 0.386 1.248 ± 0.157 0.043 GO:0004386 helicase activity Transcription 
A0A097PN79 RNA helicase 36 0.000 ± 0.213 0.922 ± 0.082 0.015 GO:0004386 helicase activity Transcription 
A0A368PL62 DNA polymerase epsilon catalytic subunit 0.000 ± 0.117 0.901 ± 0.150 0.029 GO:0008622 epsilon DNA polymerase 
complex 
Transcription 
A0A368RCE3 Purple acid phosphatase 0.000 ± 0.349 1.244 ± 0.103 0.018  GO:0003993 acid phosphatase activity Unknown 
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Reduction (93-5A < WT 9-1B) 
A0A368RJI8 Hexosyltransferase 0.000 ± 0.240 -2.037 ± 0.408 0.027 GO:0035252 UDP-xylosyltransferase 
activity 
Carbon metabolism 
K3Y5X2 D-3-phosphoglycerate dehydrogenase 0.000 ± 0.341 -5.465 ± 0.651 0.029 GO:0004617 phosphoglycerate 
dehydrogenase activity 
Carbon metabolism 
K3YRX1 Glutathione reductase 0.000 ± 0.207 -1.606 ± 0.219 0.022 GO:0004362 glutathione-disulfide reductase 
activity 
Hydrogen metabolism 
A0A368QZP7 Catalase 0.000 ± 0.281 -1.954 ± 0.106 0.039 GO:0004096 catalase activity Hydrogen metabolism 
K4A834 3-ketoacyl-CoA synthase 0.000 ± 0.401 -7.253 ± 1.000 0.048 GO:0102756 very-long-chain 3-ketoacyl-
CoA synthase activity 
Lipid metabolism 
A0A126KCB0 Cytochrome f 0.000 ± 0.140 -0.846 ± 0.095 0.025 GO:0009055 electron transfer activity Photosynthesis 
A0A0U2IBR0 Photosystem I P700 chlorophyll a apoprotein A1 0.000 ± 0.174 -2.825 ± 0.538 0.004 GO:0009055 electron transfer activity Photosynthesis 
A0A126K9Z0 Ribosomal protein S2 0.000 ± 0.266 -2.042 ± 0.264 0.033 GO:0003735 structural constituent of 
ribosome 
Protein metabolism 
K4ABU5 Glutamine synthetase 0.000 ± 0.323 -4.344 ± 0.613 0.026 GO:0006542 glutamine biosynthetic process Protein metabolism 
K3ZM76 Dirigent protein 0.000 ± 0.049 -1.588 ± 0.284 0.001 GO:0102910 dirigent protein activity Secondary metabolisms 
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Figure 5.4 Biological functional classification of differentially abundant (p < 0.05, Log2FC 
> ǀ0.585ǀ) proteins between the strong resistant HR line (93-5A) to its parental wild type (WT 
9-1B) variety A) without glufosinate treatment (Table 5.2) and B) 3 days after a single 
application of glufosinate treatment (Table 5.3). 
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These common putatively identified proteins were 40S ribosomal protein S3a, 60S ribosomal 
protein L36, ATP-dependent DNA helicase, diacylglycerol kinase (ATP), DNA-directed 
RNA polymerase subunit, hexosyltransferase, DNA repair protein REV1, fructose-
bisphosphate aldolase, isoform 2 of 5'-nucleotidase, peptidyl-prolyl cis-trans isomerase, 
peroxidase, phospholipid-transporting ATPase, pyrophosphate-fructose 6-phosphate 1-
phosphotransferase subunit alpha, pyruvate phosphate dikinase, ribulose bisphosphate 
carboxylase large chain, ring-type E3 ubiquitin transferase, RNA helicase 36, two-component 
response regulator and vacuolar cation/proton exchanger as summarized in (Table 5.3). 
 
5.3.3.2 Multivariate analyses 
 
Comparative analyses of BUP without glufosinate treatment between the strong HR cultivar 
(93-5A) to its parental wild type (WT 9-1B) were performed, using PCA. Without 
glufosinate application, 93-5A and WT 9-1B clustered along PC1 and PC2 (accounting for 
44.7% variance), indicating a similarity of in the proteome between the 93-5A and WT 9-1B 
at baseline conditions (without glufosinate treatment) (Fig. 5.5). In response to the 
application of glufosinate, 2 replicates of WT 9-1B with severe phenotypic visual damage 
(BG6 and BG7) scattered distantly from 93-5A in the PCA space whereas the other 2 
replicates (BG 5 and BG8) grouped with the glufosinate-treated 93-5A (Fig. 5.5). Further 
analysis using a supervised method, Partial Least Square (PLS), resulted in a clear separation 
of the glufosinate-treated WT 9-1B from other groups of samples along the PLS component 1 
and 2 (accounting for 53.2% variance) (Fig. 5.6A). The observed pattern of proteomics 
clusters on PLS was similar to those calculated from senescence levels (Fig. 5.6B). A similar 
trend in the clustering in PCA scores plots constructed from proteomics and that from 
senescence scores led to the conclusion that the differences in senescence levels was a major  
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Figure 5.5 PCA scores plot of bottom-up proteomics between the strong HR, 93-5A (HR) 
and the  wild type, WT 9-1B (WT) with (_Glu) and without (_control) glufosinate treatment. 
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Figure 5.6 PLS scores plot of A) bottom-up proteomics between a strong HR line, 93-5A (HR) and a wild type, WT 9-1B (WT) with (_Glu) 
and without (_cn) glufosinate treatment and B) senescence scores (score 0-9 with 0 = healthy green leaves, 9 = highly senescing and desiccated 
leaves). NB: BG5, 6, 7 and 8 = biological replicates 5, 6, 7 and 8 of the glufosinate-treated WT 9-1B, respectively. 
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contributor to varying responses of WT 9-1B to glufosinate application. These variation in 
glufosinate responses of WT 9-1B were further separating them into 2 sub-groups (BG6 and 
BG7 vs. BG 5 and BG8) and was likely caused by seasonal effects because each biological 
replicate was propagated by vegetative reproduction approximately one month apart from 
one another (Section 2.1, Chapter 2). It is also noteworthy to mention that glufosinate had no 
effect on the proteome of the 93-5A as the proteome of 93-5A under control conditions 
clustered tightly with those of 93-5A after glufosinate treatment (Fig. 5.5 and 5.6A). 
 
5.3.3.3 Metabolic pathways associated with the differences between 93-5A and WT 9-1B    
 
The effects of the pat gene and glufosinate application on proteomics (Section 5.3.3A and B) 
in relation to the metabolic pathways were further analyzed by mapping all identified 
peptides onto the known pathways from the KEGG database (Kanehisa, 2016). As only 243 
putative proteins (Table 5.1, Step 3) were inferred from 4,310 peptides (Table 5.1, Step 2), a 
significant amount of peptides were denoted as uncharacterized proteins and therefore, 
excluded from both the univariate and multivariate analyses (Section 5.3.3 A and B). Instead, 
metabolic mapping was performed by including both putative and uncharacterized proteins in 
the functional enrichment analysis (Szklarczyk et al., 2015), using an open-source web-tool 
for protein interaction network, STRING Version 11.0 (https://string-db.org).  
 
To investigate only the effects of the pat gene insertion, the abundance of 4,310 peptides 
belonging to 93-5A and WT 9-1B without glufosinate treatment were compared, using the 
student‘s t-test. One hundred and sixty-six differentially abundant peptides (p < 0.01) were 
selected for metabolic mapping (include both putative proteins and uncharacterized proteins). 
The analysis identified 13 enriched pathways affected by the pat insertion based on the 
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Setaria italica dataset (KEGG ID: sita) (Table 5.4). The most significantly enriched 
pathways was glyoxylate and dicarboxylate metabolism (sita:00630) followed by carbon 
fixation in photosynthetic organisms (sita:00710) and carbon central metabolism (sita:01200) 
(Table 5.4). However, no enriched pathways exhibited false discovery rate (FDR) < 0.01 
which was a widely used cut-off value in proteomics workflow (Higdon et al., 2011).  
 
The dataset generated from the glufosinate-treated samples also underwent functional 
enriched analysis in similar steps as described above. The outcome from this dataset reflected 
the combinatorial effects of exogenous gene insertion and herbicidal stress on protein 
expression in relation to metabolism. Two hundred and fifty-four differentially abundant 
peptides were selected for the analyses which were identified 8 enriched pathways (Table 
5.5). The most significantly enriched pathways was ribosome (sita:03010) followed by 
biosynthesis of amino acids (sita:01230) and glycolysis/gluconeogenesis (sita:00010) 
(Table 5.5). Interestingly, the 2 greatest enriched pathways were both involved with protein 
metabolism with FDR lower than the widely accepted threshold (p < 0.01). 
 
5.3.3.4 Combinatorial effects of the inserted gene and glufosinate treatment on senescence -
related proteins. 
 
The possible involvement of senescence to cause substantial alterations of the endogenous 
proteome in WT 9-1B after glufosinate treatment were postulated in previous chapters 
(Chapters 3 and 4) as well as in Section 5.3.1, 5.3.2 and 5.3.3 in this chapter. However, the 
original search for putative proteins using the MASCOT database, based on a close relative 
of buffalo grass, Foxtail millet (S. italica) revealed only few senescence-related proteins. This 
outcome was not a surprise because information of Foxtail millet‘s proteins is relatively   
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Table 5.4 Biological functional enriched analysis of putative peptides measured from the strong HR cultivar, 93-5A and WT 9-1B without 
glufosinate treatment. The analysis was based on pre-defined metabolic pathways of Setaria italica available in KEGG. 
 
Pathways KEGG IDs Observed gene count Background gene count FDR 
Glyoxylate and dicarboxylate metabolism sita00630 3 72 0.016 
Carbon fixation in photosynthetic organisms sita00710 3 73 0.016 
Carbon metabolism sita01200 5 250 0.016 
Ribosome sita03010 5 263 0.016 
Propanoate metabolism sita00640 2 26 0.017 
Metabolic pathways sita01100 12 1997 0.020 
Glycolysis / Gluconeogenesis sita00010 3 132 0.025 
Ascorbate and aldarate metabolism sita00053 2 45 0.030 
Valine, leucine and isoleucine degradation sita00280 2 47 0.030 
Photosynthesis sita00195 2 54 0.034 
Spliceosome sita03040 3 178 0.036 
Glycine, serine and threonine metabolism sita00260 2 70 0.045 
Chapter 5 
215 
 
Fatty acid metabolism sita01212 2 76 0.049 
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Table 5.5 Biological functional enriched analysis of putative peptides measured from a strong HR cultivar, 93-5A and WT 9-1B after 
glufosinate treatment. The analysis based on pre-defined metabolic pathways of Setaria italica available in KEGG. 
 
Pathways KEGG IDs Observed gene count Background gene count FDR 
Ribosome sita03010 10 263 2.55x10
-6
 
Biosynthesis of amino acids sita01230 6 225 0.004 
Glycolysis / Gluconeogenesis sita00010 4 132 0.019 
Fructose and mannose metabolism sita00051 3 63 0.019 
Carbon fixation in photosynthetic organisms sita00710 3 73 0.019 
Thiamine metabolism sita00730 2 21 0.019 
Carbon metabolism sita01200 5 250 0.019 
Ubiquitin mediated proteolysis sita04120 3 118 0.045 
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limited so that large proportions of protein clusters (Step 1, Table 5.1) were discarded in later 
analyses. The final results only identified 243 putative proteins (Step 3, Table 5.1) which 
accounted for 0.86% of the original 28,095 protein clusters (Step 1, Table 5.1).      
 
In order to target the senescence process, a targeted protein search was extended to include 
protein sequences from 3 model plants, Arabidopsis (Arabidopsis thaliana), rice (Oryza 
sativa subsp. Japonica) and maize (Zea mays). A set of senescence-related proteins from the 
literature (Sarwat & Tuteja, 2019; Thakur et al., 2016) were listed and the peptide sequences 
of these subset of proteins were used for the targeted search. Examples of these proteins 
included several carbohydrate catabolic enzymes (e.g. polygalacturonase, pectinesterase, 
xylosidase), proteolytic enzymes (e.g. cysteine protease, aspartate protease, serine protease), 
autophagy proteins, photosynthesis-related proteins (e.g. Rubisco and structural proteins of 
photosystem I and II).    
 
The comprehensive comparison of 95 senescence-related proteins between all 4 types of 
samples (2 genotypes: WT 9-1B and 93-5A and 2 treatments: presence and absence of 
glufosinate treatments) were initially examined by PCA (Fig. 5.7). In agreement with the 
PCA scores plot based on overall proteomics profiles (Figs. 5.3 and 5.5), the glufosinate-
treated WT 9-1B was found to be the only group of samples which differentiated from other 
groups (WT 9-1B and 93-5A without glufosinate as well as 93-5A with glufosinate 
treatment) (Fig. 5.7). This clustering pattern indicated that the application of glufosinate 
caused a distinct effect on the senescing process of WT 9-1B in comparison to the other 3 
groups of samples.  
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Figure 5.7 PCA scores plot of 95 senescence-related proteins between the strong HR, 93-5A 
(HR), wild type, WT 9-1B (WT) with (_Glu) and without (_control) glufosinate treatment.  
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The response of senescence-related proteins to glufosinate treatment was further analyzed by 
comparing the relative abundance of these proteins, using a heat map (Fig. 5.8). This 
approach allows for the visualization and overview of the responses of numerous features (in 
this case senescence-related proteins) across several samples (93-5A and WT 9-1B with and 
without glufosinate treatment x 4 biological replications). A distinct pattern was identified in 
the heat map which was the prominent reduction in both small and large subunit of ribulose-
1,5-bisphosphate (RuBP) carboxylase/oxygenase (Rubisco) in the severely injured WT 9-1B 
(BG6 and BG7) in response to glufosinate treatment (Figs. 5.8 and 5.9A). Rubisco is the 
most abundant protein in nature which plays a crucial role during photosynthesis by 
catalyzing CO2 fixation from the air to produce sugar. Degradation of Rubisco is considered 
as a hallmark event in senescence (Woo et al., 2018). A strong accumulation in 3 proteins 
(NAC transcription factor 47, carbonic anhydrase and photosystem I P700 chlorophyll a 
apoprotein A1) were consistent in all 4 biological replicates of the glufosinate-treated WT 9-
1B (Figs. 5.8 and 5.9B). A prominent increase in the senescence-induced receptor-like 
serine/threonine-protein kinase and pectinesterase was observed in the other 2 biological 
replicates (BG5 and BG8) of WT 9-1B that exhibited moderate visual injuries in response to 
glufosinate treatment (Fig. 5.8 and 5.9B). The latter 2 proteins were likely linked to the onset 
of senescence because both BG5 and BG8 were separated from the samples with green leaves 
and the samples showing extremely senescence on PLS plot based on senescence score (Fig. 
5.6B). In other words, the senescence stage of BG5 and BG8 were in between the healthy 
green leaves and the very senesced leaves.  
 
5.3.4 Integration of proteomics with metabolomics 
 
5.3.4.1 Cluster analysis of buffalo grasses based on 4 omics platforms 
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Figure 5.8 Heat map representing the relative abundance of senescence-related proteins 
between a strong HR, 93-5A (HR) and the wild type, WT 9-1B (WT) with (_Glu) and 
without (_control) glufosinate treatment.  A) the red box indicates a set of proteins decreased 
in 2 severely injured 93-5A (BG6 and BG7) after  glufosinate treatment and B) the black box 
indicates a set of proteins accumulated in 93-5A in response to glufosinate treatment. 
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Figure 5.9 Expansion of the heat map (Fig. 5.8). A) the red box indicates a set of proteins 
decreased in 2 severely injured 93-5A (BG6 and BG7) with glufosinate and B) the black box 
indicates a set of proteins accumulated in 93-5A in response to glufosinate treatment. NB: 
Description of a legend sees Fig. 5.8. 
Chapter 5 
222 
 
Correlation between proteomics and metabolomics were carried out, using Multiple Co-
Inertia Analysis (MCIA). MCIA is an exploratory data analysis that transforms multiple 
sources of data, that contain the same samples, onto the same scale (Bady et al., 2004). The 
transformation allows for features across multiple dataset (e.g. metabolites, peptides, clusters 
ID) to be concatenated, resulting in the co-structure dataset projected onto the same 
dimensional space (Meng et al., 2014). Simultaneously, MCIA also seeks to reduce the 
dimensions of datasets by finding ordinations derived from a similarity between different 
datasets with maximum covariance (Culhane et al., 2003).  Overall, MCIA offers a simple 
graphical representation for the efficient identification of concordances between multiple 
datasets. As previously reported in the literature (Meng et al., 2014), this integrated analysis 
clearly provided more information than that obtained from a single analysis of each 
individual dataset alone.  
 
In this project, the scores plot of MCIA showed local clustering in 3 groups of samples (WT 
9-1B and 93-5A without glufosinate treatment and 93-5A treated with glufosinate 
application). This clustering pattern was in agreement with the PCA plots generated in GC-
MS (Chapter 3) and LC-MS (Chapter 4) metabolomics in addition to top-down (Fig. 5.3) and 
bottom up proteomics (Fig. 5.5). This result confirmed a similarity in the molecular 
characterization of both parental wild type (WT 9-1B) and the strong HR line (93-5A) at 
baseline conditions (without herbicidal stress). Further, the clustering of both 93-5A with and 
without glufosinate treatment reflected a lack of glufosinate effects on 93-5A suggesting the 
effectiveness of the inserted pat gene to protect 93-5A from herbicidal stress. In contrast, a 
clear separation of the WT 9-1B after exposed to glufosinate treatment from the other 3 
groups of samples was observed along PC1 which explained 23.6% of the total variance (Fig. 
5.10A). This separation of the glufosinate-treated WT 9-1B on MCIA space confirmed a  
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Figure 5.10 A) MCIA scores plot of all 4 omics platforms. Different shapes indicate the 
different omic platforms connected by lines. Lines for each sample are linked at a common 
point, representing the reference structure at which the covariance derived from the MCIA 
analysis is maximal. B) Pseudo-eigenvalues space represents co-structure of all 4 omic 
platforms and indicates which platform contribute more to the total variance (PC1 and PC2). 
The samples were collected from the strong HR, 93-5A (HR) and a wild type, WT 9-1B 
(WT) with (_Glu) and without (_cn) glufosinate treatment. The analysis included 3 
biological replicates for each treatment. 
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strong glufosinate effects on this group of samples. In order to identify the contribution of 
each individual dataset to the projection observed on the scores plot, pseudo-eigenvalue of 
each dataset was summarized to represent its weight on PC1 and PC2 (Fig. 5.10B). It was 
clear that TDP and GC-MS based metabolomics were the strong contributors to the isolation 
of the glufosinate-treated WT 9-1B along PC1 (horizontal axis) (Fig. 5.10A) because the 
corresponding pseudo-eigenvalues of both platforms (red and blue dots) were also accounted 
for the highest variance on pseudo- eigenvalue1 (horizontal axis) (Fig. 5.10B). 
 
The effects of biological replicates were detected by MCIA along PC2 which accounted for 
10.1% of the total variance (Fig. 5.10A). As mentioned above, this variability between 
biological replicates was possible in this project due to seasonal variation during the 
experiment. However, this replication effect did not interfere with the effects from the 
exogenous gene insertion and glufosinate treatment. This is because, regardless of biological 
replicates, WT 9-1B and 93-5A without glufosinate treatment and 93-5A treated with 
glufosinate application always groups together on the negative end of the PC1. Also, all 3 
biological replicates of the glufosinate-treated WT 9-1B were clearly isolated from the other 
3 groups of samples on the positive end of PC1 (Fig. 5.10A).  
 
5.3.4.2 Relationship between peptides with differential abundance and identified metabolites 
 
As described in Section 5.3.3, 28,095 tryptic digested peptides generated from BUP were 
matched with 4,310 peptides from Foxtail millet, which were deposited in the public domain, 
MASCOT (Table 5.1, Step 2). As a result, the putatively identified peptides were assigned 
with universal accession numbers according to Uniprot KB (www.uniprot.org). Based on 
these accession numbers, it was possible to further integrate proteomics with metabolomics in 
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order to discover a specific interaction between putative proteins inferred from BUP and 
metabolites identified from both GC-MS and HR-LC-MS.  
 
Comparative analysis of 4,310 identified peptides between 93-5A and WT 9-1B without 
glufosinate treatment detected 166 peptides with differential abundance (p < 0.01) (including 
both putative and uncharacterized proteins). These subsets of peptides were then integrated 
with 2 metabolites significantly accumulated in 93-5A: allantoin and glyceric acid (Table 
3.1, Chapter 3), using the free web-tool ‗Search Tool for Interacting Chemicals‘ (STITCH 
version 5.0) (http://stitch.embl.de). This tool employs a sophisticated algorithm to predict all 
types of interactions (protein-protein, protein-metabolites and metabolite-metabolites) 
derived from both direct (physical) and indirect (functional, based on computational 
prediction) evidence; knowledge transfer between organisms; and accumulations of 
interactions found from various primary databases (Szklarczyk et al., 2016). The analysis 
failed to identify interactions between the selected peptides and the significantly accumulated 
metabolites and thus suggested a negligible connection between the altered proteomics and 
metabolomics between 2 buffalo grass cultivars at baseline conditions (without glufosinate 
treatment) (Fig. 5.11). However, a few protein-protein interactions were detected. The most 
prominent interaction was observed among the proteins inferred as ribosomal proteins [40S 
ribosomal protein S3a (Si030842m), 40S ribosomal protein S6 (Si023045m), 60S ribosomal 
protein L21-2 (Si039576m), 60S ribosomal protein L6 (Si011023m) and uncharacterized 
proteins (Si031428m)] (Fig. 5.11). It is clear that a majority of the selected peptides were 
independent (no detectable interaction), suggesting a possibility of the random perturbation in 
proteome expressions which could be a result of the actual effects of the pat gene insertion or 
merely a noise arising from the multi-step workflow during the experiments [e.g. sample 
preparations, instrumentation variability (random variability of ion selection and ionization  
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Figure 5.11 Interaction networks of proteins and metabolites affected by the pat gene 
insertion. The samples were collected from the strong HR, 93-5A and the wild type, WT 9-
1B without glufosinate treatment. The input for the analysis were selected from 166 
differentially abundant peptides (p < 0.01) as well as 2 significantly elevated metabolites (p < 
0.05; allantoin and glyceric acid) detected by student‘s t-test from a pair-wise comparison 
between 93-5A and WT 9-1B. NB: circles = peptides, capsule shapes = metabolites, violet 
line = catalysis reaction, blue line = binding reaction, arrow line = positive effects, club-end 
line = unspecified effects.  
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efficiency), accuracy trade-off from parameter setup during database search].  
 
A similar analysis was also conducted on the glufosinate-treated samples to elucidate the 
combinatorial effects of the pat gene and application of glufosinate on the interaction 
network of proteins and metabolites. A subset of peptides were selected for the analysis from 
254 peptides with different abundances (p < 0.01) (including both putative and 
uncharacterized proteins) identified by student‘s t-test from a pair-wise comparison between 
93-5A and WT 9-1B in response to glufosinate treatment. The metabolites were selected from 
1) a subset of 24 GC-MS based metabolites whose abundances in 93-5A were significantly 
different from those in WT 9-1B (Table S3.3, Chapter 3) and 2) Twelve HR-LC-MS based 
metabolites found in significantly enriched pathways (Fig. 4.4, Chapter 4). It is worth noting 
that because numerous uncharacterized proteins from S. italica were included in the analysis, 
additional identification of some proteins of interest were later searched manually from other 
model plant species being Arabidopsis (A. thaliana), rice (O. sativa) and maize (Z. mays), 
using „peptide search‟ function in UniprotKB (www.uniprot.org/peptidesearch). The 
identification of these additional, putative proteins was necessary for further discussion in the 
current chapter. The outcome revealed a highly complicated interaction network between 
selected proteins and metabolites as affected by the combinatorial effects of the pat gene and 
glufosinate application.  
 
Among the selected metabolites, 2-oxoglutaric acid and phenylalanine formed the highest 
metabolite-protein interactions with each metabolite linked to 3 peptides (Fig. 5.12). Alpha-
2-oxoglutaric acid interacted with Fe2OG dioxygenase domain-containing protein 
(Si002049m), D-3-phosphoglycerate dehydrogenase (Si009611m) and TPR_REGION 
(TetratricoPeptide Repeat) domain-containing protein (Si034838m) (Fig 5.12). Phenylalanine  
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Figure 5.12 Interaction networks of proteins and metabolites affected by the combination of 
the pat gene insertion and glufosinate treatment. The samples were collected from the strong 
HR, 93-5A and the wild type, WT 9-1B after glufosinate treatment. The input for the 
analysis was selected from 254 peptides with differential abundance (p < 0.01) as well as 36 
metabolites with significant differences (p < 0.05) in the relative concentrations, between 
glufosinate-treated 93-5A and glufosinate-treated WT 9-1B, using student‘s t-test. NB: 
circles = peptides, capsule shapes = metabolites, violet line = catalysis reaction, blue line = 
binding reaction, arrow line = positive effects, club-end line = unspecified effects. 
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interacted with another 3 putative proteins: pyruvate kinase (Si001079m), peroxidase 
(Si036449m) and tripeptidyl-peptidase 2 (Si016106m). For these selected peptides, 
tripeptidyl-peptidase 2 contained the highest metabolite-protein interaction with a connection 
to as many as 5 metabolites (isoleucine, phenylalanine, proline, threonine and valine) (Fig 
5.12). Acetyl-CoA which was highly related with the function of phosphinothricin 
acetyltransferase (PAT) (see Fig. 1.4, Chapter 1 for background knowledge), interacted with 
only Bromo domain-containing protein (Si013430m). Similar to the control samples (without 
glufosinate treatment), obvious protein-protein interactions were observed between ribosomal 
proteins [e.g. 60S ribosomal protein L23 (Si037956m), ribosomal protein (Si022558m), 
putative 50S ribosomal protein L3 (Fragment) (Si018102m), 50S ribosomal protein L28 
(Si037955m), chloroplastic and ribosomal protein L19 (Si031110m)]. Finally, metabolite-
metabolite interactions between the selected metabolites displayed in Fig. 5.12 were similar 
to what has previously been discussed (Chapters 3 and 4). 
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5.4 Discussion 
 
5.4.1 Comparative proteomics between the strong HR line (93-5A) and its parental wild 
type (WT 9-1B) without glufosinate treatment. 
 
5.4.1.1 Comparison of quantitative data from TDP and BUP 
 
To maximize the biosafety assessment of the newly developed HR buffalo grasses, 
comprehensive proteomics of both 93-5A and WT 9-1B were generated to provide additional 
information necessary for the comparative analyses of their molecular phenotypes. A 
comparison of proteomes (93-5A and WT 9-1B) under normal conditions (without 
glufosinate treatment) allowed an evaluation of effects caused only by the pat gene insertion. 
A bottom-up proteomics approach which measured tryptic digested peptides contained in the 
crude extract detected a total 28,095 peptide clusters from mass spectra (Table 5.1, Step 1). 
These peptides represented the original proteomics patterns of the samples of interest before a 
significant amount of them were discarded during a subsequent multi-step process of protein 
inference. Database search (e.g. MASCOT) was a fundamental part of protein inference. 
However, searching parameters were crucial to the ‗hit/miss‘ matching between mass spectra 
and annotated proteins available in the databases. Due to a current inadequacy of protein 
entries from many organisms, a number of detected peptides from the experiment were 
discounted. It is common that only small proportions of proteomics based features are 
identified as putative proteins (Wetie et al., 2014). Therefore, in this project, preliminary 
univariate analysis was performed on the original peptide clusters, using a student‘s t-test. 
The results showed that 971 out of 28,095 peptide clusters of 93-5A were significantly 
different (p < 0.01) from WT 9-1B (Table 5.1, Step 1). These differences accounted for 
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3.45% of the total peptides. In line with the previous literature, the levels of differences 
should be considered as a minimal. For example, Tan et al. (2016) reported 9.64% of proteins 
to be differentially expressed in transgenic maize with overexpressing phytase content, 
10TPY006 compared with its conventional hybrid line, LIYU16. In that study, 2D 
differential in-gel electrophoresis (2D-DIGE) was performed and subsequent proteomics 
were obtained from detectable proteins spots found on the 2D gel (Tan et al., 2016). The 
analysis revealed a total of 850 protein spots of which 82 of them were differentially 
expressed between the transgenic maize and its comparator. The authors concluded that this 
number of differentially expressed proteins were not substantial  (relative to the whole 
proteome) as it was very low (< 10%) and clearly lower than similar comparative proteomics 
studies in maize previously reported [11.69% for comparison between a hybrid maize 
(Mo17/B73) and its parental lines (Guo et al., 2014) and 68% for comparison between 5 
hybrid maize cultivars and their corresponding parental lines (Jin et al., 2014)]. Therefore, 
10TPY006 is considered as „substantial equivalence‟ to LIYU16 (Tan et al., 2016).  
 
Several previous proteomics studies used a degree of natural genotypic variations between 
few conventional cultivars as a reference to aid their biosafety assessment. As long as the 
differences between transgenic varieties and their comparators fell within a range of natural 
genotypic variations, slight alterations in proteomics of the transgenic organisms were 
regarded as acceptable by many scientists which was sufficient to satisfy the concept of 
„substantial equivalence‟. In a study by Gong et al. (2012), 2D-DIGE was conducted to 
obtain proteomics data of 6 rice varieties consisted of 4 conventional and 2 transgenic 
varieties. As high as 19.68% of the detected protein spots were significantly different across 
the 6 rice varieties (p < 0.01 by ANOVA). Subsequent pair-wise comparisons using the 
student‘s t-test revealed that differences in the proteome between conventional cultivars (up 
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to 18.31%) were the major contributors to the above total observed differences (19.68%) 
(Gong et al., 2012).  In this project, although natural variations in the proteome across wild 
type cultivars were not tested due to limited resources, time and labor, the observable 
differences (3.45%) between 93-5A and WT 9-1B were minimal compared to the natural 
genotypic variations previously reported by Gong et al. (2012). Therefore, it is reasonable to 
assume that the differences in the proteome between 93-5A and WT 9-1B was likely falling 
within the natural genotypic variations between 3 conventional buffalo grass cultivars, WT 9-
1B, WT 9-2B and WT 8-4A used in Chapter 3.    
 
The proteomics dataset generated here is sophisticated as it contained several thousands of 
features (high dimensional dataset). Multivariate analyses were performed to reduce 
dimensions of proteomics datasets allowing visualization and interpretation of the data. PCA 
of intact proteins (top-down proteomics, TDP) clearly showed a close clustering between 93-
5A and WT 9-1B without glufosinate treatment on PC1 and PC2 which explained 59.0% of 
the total variance (Fig. 5.3A). In agreement with TDP, proteomics produced from a 
complementary approach, bottom-up proteomics (BUP) also grouped 93-5A with WT 9-1B 
without glufosinate treatment on the PCA scores plot (PC1 and PC2 accounted for 44.7% of 
the total variance) (Fig. 5.5). High total variances (59.0 and 44.7% of TDP and BUP, 
respectively) indicated a strong similarity in the proteome between 93-5A and WT 9-1B 
under control conditions (without glufosinate treatment), and therefore, suggested negligible 
effects of the pat gene insertion on protein expressions of our HR buffalo grass, 93-5A. It is 
worth noting that the close clustering between 93-5A and WT 9-1B without glufosinate 
treatment based on BUP was in agreement with the ‗minimal number‘ of differentially 
abundant proteins (3.45%) identified by univariate analysis as previously mentioned above. 
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TDP and BUP measured different molecular entities but complemented each other. Pooled 
datasets of TDP and BUP led to an expanded coverage of protein features which were highly 
valuable for several kinds of analyses. TDP was far more compatible with small intact 
proteins (< 30 kDa) due to the limitation in solubility and fractionation of very large proteins. 
BUP was able to detect a wider range of proteins but the absolute/relative quantification 
efforts were possibly distorted due to inconsistencies in the detection of proteolytic peptides 
(Ankney et al., 2018; Lopez-Ferrer et al., 2011). As a result, discrepancy between TDP and 
BUP was likely. For example, large scale comparative analysis of both TDP and BUP in 
basal and luminal B human breast cancer revealed that both numbers and identifications of 
differentially expressed proteins identified from each proteomics approach could be 
contradictory at a ratio of 60:40 (Ntai et al., 2016). The authors suggested that the factors 
contributed to this discrepancy stemmed from an innate dynamism in post-translational 
modifications (PTMs) levels (TDP was able to detect it but BUP did not), a stringency of 
statistical criteria (p-value cut off) and varying missing values as well as a detection threshold 
(protein inference of BUP always contained high missing values). However, in this project, 
both TDP and BUP provided similar results (Figs. 5.3A an 5.5, respectively). Both 
proteomics approaches offered a close clustering between 93-5A and WT 9-1B at baseline 
conditions (without glufosinate treatment) in the PCA plots suggesting that protein 
expressions of 93-5A was highly similar to WT 9-1B in a wide range of proteins (in terms of 
both sizes and isoforms).  
 
Clustering analyses based on molecular features were further investigated by incorporating 
metabolites measured from both GC-MS (Chapter 3) and HR-LC-MS (Chapter 4) to both 
TDP and BUP proteomics, using MCIA. All 4 omics platforms (4 different symbolic shapes, 
Fig. 5.10A) showed similar trends in the MCIA plots, indicating that the sources of biological 
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information for most variants were similar. The resultant scores plot of MCIA showed a close 
clustering between 93-5A and WT 9-1B at baseline conditions (without glufosinate 
treatment) along both PC1 and PC2 (horizontal and vertical axes, respectively) which 
accounted for 33.7% of the total variance (Fig. 5.10A). This result was similar to the 
individual PCA scores plots calculated from TDP, BUP and GC-MS and LC-MS based 
metabolomics which grouped both 93-5A and WT 9-1B together at baseline conditions. The 
agreement between analyses of the 4 individual datasets by PCA and concatenated datasets 
using MCIA indicated the similarities in the molecular phenotypes between 93-5A and WT 
9-1B at baseline conditions. The advantage of analyzing multi-layer datasets has been already 
recognized. Greater information to associate leukemia extravasation signaling pathways to 
leukemia (a cancer of white blood cells) than that derived from each individual dataset alone 
(Meng et al., 2014).  
 
Based on the visualization of the MCIA scores plot, there was no consensus on which omics 
platforms were the greatest contributors to the projections of each individual sample (Fig. 
5.10A). Each sample which was projected onto MCIA space consisted of 4 lines (black, red, 
green and blue lines) representing 4 omics platforms. A point connected these lines together 
represented a reference structure of the sample (Fig. 5.10A). The shorter the line from a 
connecting point of each sample, the higher contributions of the omics platforms to a given 
sample. As can be observed, the shortest lines associated with each sample were randomly 
assigned to any omics platform (Fig. 5.10A). Therefore, in order to gain insight into the 
contribution of omics platforms to the clustering patterns in the MCIA plot, pseudo-
eigenvalues were extracted from all 4 omics datasets. Each value was a summary of the 
weight of each individual omics platforms (Fig. 5.10B) that contributed to projections of 
samples onto the MCIA space (Fig. 5.10A). It appears that HR-LC-MS based metabolomics 
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and BUP (green and black shapes, respectively) were projected close to the origin (coordinate 
0,0) in the pseudo-eigenvalue space (Fig. 5.10B). The direction and coordination of both 
omics platforms corresponded well with the coordination of 93-5A and WT 9-1B clusters at 
baseline conditions that were projected onto MCIA space (Fig. 5.10A). These possible 
correlations between pseudo-eigenvalues and MCIA led to the conclusion that HR-LC-MS 
based metabolomics and BUP were the dominant platforms driving 93-5A to group with WT 
9-1B at baseline conditions. Because both HR-LC-MS based metabolomics and BUP 
contained the greatest number of features (34,052 metabolites and 28,095 peptides, 
respectively), it implied that several thousands of metabolites as well as proteins were highly 
similar in both 93-5A and WT 9-1B at baseline conditions. 
 
5.4.1.2 Effects of the inserted pat gene on metabolisms  
 
The relative abundance of putative proteins analyzed by BUP was compared between 93-5A 
and WT 9-1B at baseline conditions (without glufosinate treatment) to identify proteins that 
showed significant changes in expression caused by the pat gene insertion. Consequently, 58 
proteins exhibited a significant difference in their abundances were detected (Table 5.2) with 
most of them involved with protein metabolism (22.4%) followed by carbon central 
metabolism and transcription processes (19.0% each) (Fig. 5.4A). The classification of the 
differentially abundant proteins was in partial agreement with the outcome from the 
functional enrichment pathway analysis (Table 5.4) because 3 of the 4 greatest significant 
enriched pathways (FDR = 0.016) identified by the analyses were all involved with carbon 
central metabolism (Table 5.4). These 3 pathways comprised of glyoxylate and dicarboxylate 
metabolism (sita00630), carbon fixation in photosynthetic organisms (sita00710) and carbon 
metabolism (sita01200) (Table 5.4). Glyoxylate and dicarboxylate metabolism was highly 
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associated with carbon fixation in photosynthetic organisms via photorespiratory pathway 
and both of them were subsets of carbon metabolism (sita01200) 
(https://www.genome.jp/kegg-bin/show_pathway?sita01200+M00001). However, if a widely 
accepted cut-off value for proteomics workflow of 1% FDR (p < 0.01) was considered 
(Higdon et al., 2010), no metabolic pathways were significantly enriched below this threshold 
level (Table 5.4). This cut-off value was recommended after a range of FDR levels (0.5-5%) 
were systematically tested to handle thousands of features typically contained in proteomics 
dataset during data processing steps (Higdon et al., 2010; Higdon et al., 2011). As none of 
these enriched pathways identified in Table 5.4 were considered statistically significant, it 
implies that the alterations in the identified metabolic pathways was randomly detected by 
chance alone. Therefore, it led to a conclusion that the inserted pat gene did not affect the 
metabolisms of the HR cultivar 93-5A. 
 
The effects of the pat gene insertion on metabolism were further investigated by integrating 
both metabolomics and proteomics datasets. Two metabolites identified from GC-MS with 
significantly increased abundance in 93-5A (allantoin and glyceric acid; Table 3.1, Chapter 
3) were combined with the 166 peptides with differential abundance (p < 0.01) between 93-
5A and WT 9-1B at baseline conditions. Interaction networks between GC-MS based 
metabolites and BUP were created and visualized, resulting in 5 protein-protein interactions 
emerging from the integrated dataset (Fig. 5.11). The prominent interactions were those 
formed by 5 ribosomal subunits. However, 29 different ribosomal subunits were identified in 
this project and this numbers was accounted for the highest proportion (12%) of a total 243 
identified proteins (Table 5.1, Step 3). It is very likely that the greater numbers of ribosomal 
proteins that are compared, the greater opportunity to identify many of them as proteins with 
differential abundance by univariate analysis. Therefore, the effects of the pat gene insertion 
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on ribosome should be interpreted with care. Apparently, a majority of the selected proteins 
did not connect to one another (no interactions between them). It is reasonable to hypothesize 
that the effects of the pat gene insertion on 93-5A was random and did not target any specific 
metabolic pathway. In conclusion, when taking into account 1) very few connections in the 
interaction network (Fig. 5.11) and 2) higher stringency of significant value (1% FDR), it is 
possible to conclude that the pat gene insertion did not cause alterations in metabolism of the 
strongest HR buffalo grass, 93-5A. These observations led us to claim that 93-5A were 
substantial equivalent to WT 9-1B. 
 
5.4.2 Comparative proteomics between 93-5A and WT 9-1B after glufosinate treatment 
 
5.4.2.1 A discrepancy between TDP and BUP in response to glufosinate treatment 
 
Comparative proteomics was conducted on data obtained from the plants treated with a single 
application of glufosinate. Student‘s t-test with FDR correction applied to the glufosinate-
treated BUP identified 5.46% of clusters as differentially abundant clusters in relation to the 
total clusters detected in BUP. This value (5.46%) was slightly higher than that (3.45%) 
calculated from the control samples (without glufosinate treatment) (Table 5.1, Step 1). A 
relatively lower number of differentially abundant protein clusters suggested a certain degree 
of similarity between 93-5A to WT 9-1B after glufosinate treatment. This notion was 
supported by multivariate analyses where 93-5A cluster was partially overlapped with that of 
WT 9-1B in the PCA plot (Fig. 5.5). Because WT 9-1B was sensitive to glufosinate whereas 
93-5A was strongly resistant (Fig. 3.1, Chapter 3), the distinct difference between 93-5A and 
WT 9-1B in response to glufosinate applications was expected.  
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In line with this expectation, PCA based on TDP showed a clear separation of 93-5A from 
WT 9-1B after glufosinate treatment as a result of glufosinate induced senescence (Fig. 5.3). 
The slightly different results between PCA constructed from BUP and TDP indicated some 
degrees of discrepancies between the 2 different proteomics approaches for the examinations 
of the combinatorial effects of the pat gene insertion and glufosinate treatment. Also, the 
involvement of senescence in the separation of the glufosinate-treated WT 9-1B seemed to 
play a role in this disagreement between BUP and TDP. 
 
A possible explanation for the interrelationships between this disagreement of BUP to TDP 
and senescence was likely due to the initial proteolytic step in BUP that resulted in a similar 
outcome to the degradative events during senescence. On one hand, BUP approach initially 
used trypsin to digest most of proteins in a protein mixture, producing numerous short-chain 
peptides with increased solubility. Because trypsin is a serine protease which specifically 
cleaves C-terminal of arginine or lysine residues (Baird & Craik, 2001), its activity produces 
specific protein fragments which are more suitable to tandem mass spectrometry (MS/MS) 
analyses and that leads to easy interpretation and identification of mass spectra (Zhang et al., 
2013). On the other hand, serine protease is one of the key proteases that participates in the 
digestion of proteins in senescing leaves (Sarwat & Tuteja, 2019). Because a majority of 
proteins from both 93-5A and WT 91B were digested by trypsin before MS/MS analysis, 
additional proteolysis caused by senescence in a glufosinate sensitive WT 9-1B would not 
produce a distinct proteome pattern compared to that of glufosinate resistant 93-5A. This led 
to relatively low numbers of differentially expressed proteins (5.46% in Step 1, Table 5.1,) 
and an intersection of 93-5A and WT 91B clusters in the PCA plot (Fig. 5.5). 
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The above hypothesis that trypsin activity interfered with the effects of glufosinate treatment 
on comparative BUP was tested, using more stringent method, Partial Least Square (PLS) to 
reduce the masking effects of tryptic digestions on the cluster analysis of BUP. A PLS plot of 
BUP also isolated WT 9-1B from 93-5A after both of them were exposed to glufosinate 
treatment (Fig. 5.6A). Similar to TDP, the clustering patterns of PLS plotted from BUP (Fig. 
5.6A) corresponded well with those plotted from senescence scores (Fig. 5.6B), suggesting a 
relationship between glufosinate-induced senescence and BUP in response to glufosinate 
treatment.   
 
5.4.2.2 Senescence strongly affected proteomics in response to glufosinate 
 
A strong link between senescence and a total protein, BUP and TDP in response to 
glufosinate treatment have been discussed in Section 5.4.2A above. These findings support 
the previous hypothesis of the possible involvement of glufosinate-induced senescence to 
cause a substantial increase in free amino acid pool (e.g. isoleucine, phenylalanine) (see 
Chapters 3 and 4). Another piece of evidence to support this hypothesis was the absence of a 
subset of intact proteins from TDP at RT 17-21 min (yellow box in Fig. 5.2C). There is a 
possibility that these proteins were degraded due to the effects of glufosinate application and 
then became a major source of free amino acids. Whether or not the increase in the free 
amino acid pool is the actual result of glufosinate-induced senescence requires further 
investigation. 
 
In order to answer the above question, senescence machineries were examined in greater 
detail by performing database search to target the senescence-related proteins. In order to 
increase the hit rate, protein sequences from 3 principal model plants (Arabidopsis, rice and 
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maize) with the wealth of protein information in public domains were included the search as 
reference sequences. The search was able to match the original 28,095 peptide clusters to 95 
senescence-related proteins. The abundance of senescence-related proteins measured from the 
glufosinate-treated WT 9-1B was clearly different from other 3 groups of samples (WT 9-1B 
and 93-5A at baseline conditions and the glufosinate-treated 93-5A) according to the PCA 
plots (Fig. 5.7). These results clearly indicate that glufosinate induced a unique response in a 
glufosinate sensitive WT 9-1B via senescence.  
 
The abundance of 95 senescence-related proteins across all 4 groups of samples (93-5A and 
WT 9-1B with and without glufosinate treatment) were then examined in more detail by a 
heatmap. Two biological replicates (BG6 and BG7) of WT 9-1B showed a very distinct 
pattern in response to glufosinate treatment by reducing the relative abundance of 44 
senescence-related proteins (Fig. 5.9A). Most of the decreased proteins were protein 
fragments derived from Rubisco subunits, following by structural proteins degraded from 
photosystem I and II (Fig. 5.9A). Both Rubisco and photosystems are the primary 
components of photosynthesis (Johnson, 2016). Degradation of Rubisco and photosystems 
during senescence not only provides an obvious visual indicator for senescence [yellowing of 
a senescing leaf (chlorosis)] but also causes a significant impact to a vast array of metabolic 
pathways due to a reduction in primary productions of organic compounds (Woo et al., 
2018). Another subset of proteins showing substantial reduction in WT 9-1B exposed to 
glufosinate treatment was the proteins classified to up-regulate at the onset of senescence 
(Roberts et al., 2012). These proteins included 4 fragments from serine protease family (2 
fragments of subtilisin-like proteases and 2 fragments non-specific serine/threonine protein 
kinase), senescence-associated protein DIN1 and E3 ubiquitin protein ligase (Fig. 5.9A). The 
evidence from several previous studies confirmed the participation of these proteins at the 
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onset of senescence. For example, Wang et al. (2004) reported high activities of serine 
protease (EC 3.4.21. –) in broccoli (Brassica oleracea L. var Green King) florets as early as 1 
day after harvest and then decreased throughout senescence. Shimada et al. (1998) reported a 
considerable up-regulation of a chloroplastic protein dark inducible gene1 (din1) within 12 
hrs after dark-induced senescence. E3 ubiquitin protein ligase has been well documented to 
participate in the ubiquitin-proteasome system which highly active at the onset of senescence 
in order to selectively degrade proteins (see review by Wang & Schippers, 2019).  Based on 
the functional characteristics of these proteins at the onset of senescence, a considerable 
reduction in the relative abundance of these proteins highly suggested that BG6 and BG7 
were in the late stages of senescence.   
 
Another distinct set of proteins participated in senescence found in the glufosinate-treated 
WT 9-1B after glufosinate treatment were the 2 strong accumulated senescence-induced 
receptor-like serine/threonine-protein kinase and pectinesterase which were measured from 
the other 2 biological replicates, BG5 and BG8 (Fig. 5.8 and 5.9B). Significant up-regulation 
(p < 0.05) of the gene encoding the senescence-induced receptor-like serine/threonine-protein 
kinase was detected at the early stage of senescence (26 days after sowing) in barley 
(Hordeum vulgare L.) (Ouelhadj et al., 2007). Senescence-induced receptor-like 
serine/threonine-protein kinase functions by autophosphorylating the intracellular part which 
is essential to interact with downstream regulatory factors related to the signaling pathways 
during senescence (Yoshida & Parniske, 2005). The evidence from gene expression studies in 
strawberry fruits (Fragaria×ananassa Duch.) showed that FaPE1 gene encoding a principal 
pectinesterase isoform was up-regulated at the onset of senescence (ripening fruits) but 
considerably down-regulated at the late stage of senescence (over ripening) (Castillejo et al., 
2004). The evidence derived from the above-mentioned studies in strawberry and barley led 
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to a conclusion that BG5 and BG8 were undergoing the early stages of senescence. A 
discrepancy in senescence stages among WT 9-1B replicates (BG6 and BG7 vs BG5 and 
BG8) was likely due to seasonal variation. Each replicate was propagated from vegetative 
tissues (stolons) at 1 month intervals. Therefore, each replicate, to some degree, was 
subjected to gradual change in weather. As cellular senescence is very sensitive to a wide 
range of environmental and internal factors (Lim et al., 2007), the combinatorial effects of 
various potential factors may effectively result in heterogeneity in senescence stages (even) 
among senescence cells in the same plant tissues.  
 
There was a strong accumulation of 3 proteins: NAC transcription factor 47, carbonic 
anhydrase and photosystem I P700 chlorophyll a apoprotein A1 were noticed across all 4 
biological replicates of the glufosinate-treated WT 9-1B (Fig. 5.10B). Increase in carbonic 
anhydrase and photosystem I P700 chlorophyll a apoprotein A1 which play a crucial role to 
regulate photosynthesis at an initial point of carbon fixation and a cyclic electron transport, 
respectively (Jensen et al., 2007; Tiwari et al., 2005) were unexpected. The accumulation of 
both proteins seemed to contradict with the substantial degradations of both Rubisco and 
photosystem I and II observed in BG6 and BG7 (Fig. 5.9A). Further experiments are required 
to either confirm or reject these contradictory observations. As for NAC transcription factor 
47, it was part of a large protein family that was reported to up-regulate at various times 
during senescence (see review by Podzimska-Sroka et al., 2015). As a result, it is possible to 
conclude that an expression of NAC transcription factor 47 was constant throughout the 
senescence in WT 9-1B.  
 
5.4.2.3 Combinatorial effects of the pat gene insertion and glufosinate treatment on 
metabolisms 
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The putative identification of proteins identified from BUP identified 64 proteins with 
significant changed expressions (p < 0.05, log2FC > ǀ0.585ǀ) between 93-5A and WT 9-1B 
with glufosinate treatment were detected (Table 5.2). The summation of the functional 
classification of these 64 proteins predominantly related them to 3 metabolic pathways: 
protein metabolism (31.3%), carbon central metabolism (17.2%) and transcription (10.9%) 
(Fig. 5.4B). The top 3 dominant pathways were found to be the same pathways as those 
recognized from the samples without glufosinate treatment (Fig. 5.4A). The reason for this 
similarity was probably because both subsets of proteins (Table 5.2 and 5.3) shared the 
common 17 putative proteins.  
 
However, the percentage of proteins involved in protein metabolism from the glufosinate-
treated samples (31.3%, Fig. 5.4B) was notably greater than those identified from the 
baseline samples (without glufosinate treatment) (22.4%, Fig. 5.4A). The increase in the 
percentage of protein metabolism from 22.4% in the baseline samples to 31.3% in the 
glufosinate-treated samples suggested the additional effects from glufosinate treatment apart 
from the effects of the inserted pat gene. Indeed, this increase in the percentage of proteins 
related to protein metabolism was caused by significant decreases in a number of ribosome 
constituents measured in glufosinate-treated WT 9-1B (Table 5.2). Interestingly, the 
observed reduction in ribosomal subunits was supporting the nominated roles of senescence 
in glufosinate responses. This was because substantial decreases in ribosomes was one of the 
common outcomes during senescence in many plant species reported a few decades ago [e.g. 
barley (Srivastava & Arglebe, 1967); bean (Makrides & Goldthwaite, 1981); cucumber 
(Eilam et al., 1971) and tea (Watanabe & Ishigaki, 1983)].  
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In order to understand the relationships between 254 proteins with a significant difference in 
their abundances (including both identified and uncharacterized proteins), these subset of 
proteins were further analyzed by functional enriched analysis. The outcome identified 2 
significantly enriched pathways (p < 0.01): ribosome (sita03010) and biosynthesis of amino 
acids (sita01230) in response to the combinatorial effects of the pat gene insertion and 
glufosinate treatment (Table 5.5). Because both pathways participated in protein metabolism, 
the outcome from the functional enriched analysis agreed well with the conclusion made 
from functional classifications of individual proteins which related most of them to protein 
metabolism (31.3%) (Fig. 5.4B). Based on several lines of evidence, ribosome and 
biosynthesis of amino acids were significantly enriched due to substantial degradations of 
numerous proteins in the glufosinate-sensitive WT 9-1B but not in the glufosinate resistant 
93-5A. Despite several differentially abundant proteins involved in carbon central 
metabolism (17.2%) and transcription process (10.9%), no metabolic pathways involved with 
both metabolisms significantly enriched at 1% FDR (Table 5.5). The absence of the 
significant enriched carbon metabolisms and transcription process seemed to suggest that a 
significant accumulation of the metabolites which were related to both metabolisms were not 
a result of a direct effect of glufosinate treatment to alter any specific pathways but rather a 
byproduct of glufosinate-induced senescence. More evidence from different stages of 
glufosinate-induced senescence may lead to the answers to this hypothesis in the future 
research.  
 
The relationship between proteomics and metabolomics that were affected by the 
combinatorial effects of the pat gene insertion and glufosinate treatment were established, 
using interaction network analysis. The outcome showed that 2-oxoglutaric acid and 
phenylalanine contained the highest metabolite-protein interactions with each of these 2 
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metabolites linked to 3 peptides (Fig. 5.12). 2-Oxoglutaric acid interacted with Fe2OG 
dioxygenase domain-containing protein, D-3-phosphoglycerate dehydrogenase and 
Tetratricopeptide Repeat (TPR_REGION) domain-containing protein (Fig 5.12). The 
relationship between 2-oxoglutaric acid and these 3 proteins were as follows. Fe2OG 
dioxygenase is dependent on 2-oxoglutaric acid to hydroxylate its substrates (Kundu, 2012) 
and the function of D-3-phosphoglycerate dehydrogenase is to catalyze a conversion of 2-
oxoglutaric acid to 2-hydroxyglutarate in the serine biosynthetic pathway (Zhang et al., 
2017). It should be noted that TPR_REGION domain-containing protein detected in this 
project was merely a fragment generated from unspecified proteins. It was defined by GO 
terms as integral component of chloroplast outer membrane (GO:0031359) 
(https://www.ebi.ac.uk/QuickGO). These observations provided us a lead for a further study 
by targeting a mechanistic role of 2-oxoglutaric acid in the glufosinate response. 
 
Phenylalanine interacted with another 3 putative proteins: pyruvate kinase, peroxidase and 
tripeptidyl-peptidase 2 (Fig 5.12). Phenylalanine is a strong inhibitor of pyruvate kinase 
(Feksa et al., 2003), an enzyme catalyzing a conversion of phosphoenolpyruvate (PEP) to 
pyruvic acid at the last step of glycolysis (Berg et al., 2012). In addition, phenylalanine is 
related to peroxidase via lignin formation (Deng & Lu, 2017). Taken together, the significant 
increase in phenylalanine observed in the glufosinate-treated WT 9-1B was assumed to cause 
a reduction in pyruvic acid as well as stimulate greater lignin formation. In fact, pyruvic acid 
was increased in WT 9-1B after the exposure to glufosinate treatment (Fig. 4.6, Chapter 4) 
and a cessation rather than polymerization of lignin was likely to occur in the senescence 
leaves of WT 9-1B in this project (Fig. 5.3C). Therefore, this assumption regarding the roles 
of increased phenylalanine with respect to pyruvic acid production and lignin formation after 
glufosinate treatment remains open to further investigations.  As for tripeptidyl-peptidase 2, it 
Chapter 5 
246 
 
is a universal enzyme responsible for a digestion of any oligopeptides (> 15 residues) derived 
from proteins which are degraded by 26S proteasome activities (Fukuda et al., 2017). 
Therefore, it is difficult to draw a specific conclusion from the observable interaction 
between tripeptidyl-peptidase 2 and phenylalanine. 
 
Similar to the baseline samples (without glufosinate treatment), a prominent protein-protein 
interaction was the networking between ribosomal proteins (e.g. 60S ribosomal protein L23, 
ribosomal protein, putative 50S ribosomal protein L3 (Fragment), 50S ribosomal protein L28, 
chloroplastic and ribosomal protein L19). Due to the possible degradative effects of 
glufosinate-induced senescence on ribosomal proteins (see above-mentioned discussion), the 
largest network of ribosomal proteins was formed in response to the applications of 
glufosinate (Fig. 5.12). Finally, sophisticated metabolite-metabolite interactions between the 
selected subsets of metabolites were displayed (Fig. 5.12). The relationship among them 
followed the same pattern as those previously presented in Chapter 3 (Fig. 3.8) and 4 (Fig. 
4.6). Detailed explanations on metabolite-metabolite interactions were comprehensively 
discussed in Chapters 3 and 4. 
 
5.4.2.4 Integration of 4 omics platforms clearly distinguished WT 9-1B with glufosinate 
treatment from other groups of samples 
 
As observed in Section 5.3.4.2, metabolites-protein interactions existed among selected set of 
BUP proteins and GC-MS based metabolites in response to glufosinate treatment (Fig. 5.12). 
Therefore, further integration to include all 4 omics platforms was beneficial. MCIA was 
selected to integrate multiple sources of quantitative data measured from the 4 omics 
platforms. GC-MS and HR-LC-MS based metabolomics, BUP and TDP were all transformed 
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into the same scale and then projected onto MCIA space (Fig. 5.10A). It was very clear that 
WT 9-1B with glufosinate treatment differentiated not only from glufosinate-treated 93-5A 
but also from 93-5A and WT 9-B at baseline conditions (without glufosinate treatment) along 
PC1 (horizontal axis) (Fig. 5.10A). The outcome validated the separation of the glufosinate-
treated WT 9-1B which were previously observed in PCA plotted from each individual omics 
platform (Fig. 3.4A, Chapter 3; Fig. 4.4, Chapter 4 and Figs. 5.3A and 5.6). Based on the 
integrated proteome-metabolome dataset, Mesnage et al. (2016) also observed a distinct 
effect of glyphosate application to cause a separation of glyphosate-resistant maize, NK603 
from those without herbicidal treatment as well as from its near-isogenic comparator, DKC 
2675. In the same study, further analysis was conducted to extract pseudo-eigenvalues from 
each omics platform to determine their weights on MCIA. The authors concluded that 
proteomics rather than metabolomics contributed tremendous weight to drive the distinct 
separation of glyphosate-treated NK603 from other groups of samples (Mesnage et al., 2016).    
 
In this project, it appears that pseudo-eigenvalues of both GC-MS based metabolomics and 
TDP (red and blue shapes, respectively; Fig. 5.10B) corresponded well with the WT 9-1B 
clusters on MCIA space (Fig. 5.10A). Therefore, both GC-MS based metabolomics and TDP 
were the strongest contributors driving the separation of the glufosinate-treated WT 9-1B in 
the MCIA plot (Fig. 5.10A). These results were in agreement with the PCA of each 
individual dataset, using PCA in that only GC-MS based metabolomics and TDP exhibited a 
clear separation of the glufosinate-treated WT 9-1B distantly from other groups of samples 
(WT 9-1B and 93-5A at baseline conditions and glufosinate-treated 93-5A) in the PCA 
scores plots (Fig. 3.4A, Chapter 3 and Fig. 5.3, respectively). In contrast, the PCA 
constructed from HR-LC-MS based metabolomics and BUP, resulted in a separation of the 
glufosinate-treated WT 9-1B from other groups of samples but with partial overlap between 
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them still remained (Fig. 4.4, Chapter 4 and Fig. 5.5, respectively). This result highlighted 
the advantage of MCIA to preserve crucial information from each individual dataset before 
transferring them to a new integrated set of data. This advantage was also recognized in a 
previous study to dissect the cancer-causing mechanisms underlying 60 lines of different 
cancer cells (Meng et al., 2014). MCIA was also applied to differentiate the effects of drought 
and glyphosate spray on a transgenic glyphosate-resistant maize by Benevenuto et al. (2017).      
 
A final remark worth mentioning is that the integration of the steady state data such as 
proteomics and metabolomics is harder to perform in order to obtain a sensible and 
meaningful interpretation. As both the proteomics and metabolomics are only measuring 
static protein and metabolite pools, one has to bear in mind that this kind of integration is far 
from the ideal situations found in living organisms. Although the integration between 
proteomics and metabolomics is well integrated in this project, disagreements between 2 
different omics platforms can be widely observed (Fernie & Stitt, 2012), making it difficult to 
interpret such data. A future direction to deal with the weakness in multiple omics integration 
should incorporate a local enzyme kinetic data and metabolic fluxes in the model. By 
applying such strategies, any biological responses can be explained with relatively higher 
accuracy (Feng et al., 2010).    
 
5.4.3 Concluding remarks 
 
The effects of the pat gene insertion on a global protein expression were investigated by 
comparative proteomics analyses between 93-5A and WT 9-1B at baseline conditions 
(without glufosinate treatment). A pair-wise comparison of individual peptide clusters in 
BUP detected a relatively small numbers of clusters (3.45%) with significant differences in 
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the relative abundance (p < 0.01) between 93-5A and WT 9-1B, indicating a very similar 
proteome between the 2 cultivars. PCA plot constructed from highly complex datasets of 
TDP and BUP, respectively resulted in 93-5A grouping closely together with WT 9-1B at 
baseline conditions. Concatenation of GC-MS and HR-LC-MS based metabolomics, TDP 
and BUP dataset was performed by MCIA. A similar result (93-5A and WT 9-1B at baseline 
conditions grouping closely together) was also observed in a reduced dimensional space of 
MCIA scores plot.  
 
The combinatorial effects of the pat gene insertion and glufosinate treatment were also 
investigated by comparative proteomics analyses between 93-5A and WT 9-1B that were 
exposed to glufosinate treatment. Both TDP and BUP yielded similar results based on PCA 
by separating a cluster of glufosinate-treated WT 9-1B from other 3 groups of samples (WT 
9-1B and 93-5A at baseline conditions and glufosinate-treated 93-5A). The separation of WT 
9-1B was apparently linked to senescence as clustering patterns of samples on the PCA plots 
constructed from TDP was similar to that of glufosinate-induced senescence scores. Further 
investigation of the 95 senescence-related proteins strongly indicated the involvement of 
senescence to shape BUP compositions of the glufosinate-treated WT 9-1B. Integration of 4 
omics based platforms by MCIA also confirmed the distinct molecular phenotypes of 
glufosinate-treated WT 9-1B compared to other 3 groups of samples (WT 9-1B and 93-5A at 
baseline conditions and glufosinate-treated 93-5A). The additional effects of glufosinate 
treatment stimulated a major alteration in some interactions between metabolites and proteins 
by significantly reducing the abundance of several ribosomal subunits and by perturbing the 
equilibrium between 2-oxoglutaric acid and 3 related proteins (Fe2OG dioxygenase domain-
containing protein, D-3-phosphoglycerate dehydrogenase and TPR_REGION domain-
containing protein) in the glufosinate-treated WT 9-1B. Based on the evidence from the 
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altered interactions above, this was likely resulted in the enrichment of 2 metabolic pathways 
(ribosome pathways and biosynthesis of amino acids) that were associated with protein 
metabolism. Overall, additional effects of glufosinate on WT 9-1B seemed to act via 
senescence rather than directly affecting some specific pathways. 
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Chapter 6 
General Discussion  
 
6.1 The inserted pat gene did not significantly alter molecular phenotype of HR buffalo 
grasses 
 
The primary aim of this project was to answer a question: “Whether or not the newly created 
HR (glufosinate resistant) buffalo grasses are different/similar to the conventional wild type 
cultivars?‖ The HR varieties were developed by gene transfer to resist a broad spectrum 
herbicide, glufosinate by incorporating the pat gene from a soil bacterial (Alcaligenes 
faecalis) into the host grass genome. Morphologically, both HR (93-1A, 93-2B, 93-3C and 
93-5A) and wild type (WT 8-4A, WT 9-1B and WT 9-2B) cultivars were similar. Not until 
the stress from glufosinate treatment was applied did the HR cultivars display a superior, 
glufosinate-resistant trait. At least 3 HR lines (93-1A, 93-3C and 93-5A) clearly resisted the 
application of glufosinate (5% v:v) well above the commercial dose. These observations 
confirmed that the genetic modifications successfully conferred the resistant trait to the 
grasses.  
  
However, unpredicted perturbations at buffalo grass genome by the genetic modification 
processes and directly by expression of the inserted pat gene have led to concerns that 
significant alterations at multiple levels in life processes ranging from genes, mRNAs, 
proteins, metabolites, physiology, morphology and finally overall fitness may occur. By 
definition, the HR buffalo grasses harboring the inserted pat gene were slightly different from 
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the wild type cultivars at the genetic level. As a result, what magnitudes did the genetic 
modifications impose on subsequent processes, deserves rigorous investigation.  
  
Proteins and metabolites were investigated in this project because they position between both 
internal and external environments to modulate the endogenous and exogenous responses 
(Schwachtje et al., 2019). For example, a diverse array of environmental stresses may directly 
influence enzyme activities such that metabolic states are adjusted to mitigate deleterious 
effects of stresses (Schwachtje et al., 2019). With the advances in current analytical 
instruments such as GC-MS and HR-LC-MS, hundreds of proteins and metabolites can be 
detected. In this project, the information of metabolites and proteins with respect to their 
relative abundances and the putative identifications were acquired, creating comprehensive 
datasets that interrogates biological systems typical in the fields called metabolomics and 
proteomics, respectively. For this study metabolomics and proteomics were conducted in 
samples without glufosinate treatment which were grown under controlled conditions (in a 
glasshouse). This design allowed the effects of the pat gene insertion and genetic 
modification processes to be assessed without interference from other factors such as the 
environment or any additional treatments (e.g. a stress from a respective herbicide).   
  
There were few metabolites which exhibited significant differences between the 4 HR lines 
and the parental wild type (WT 9-1B) at baseline conditions (without glufosinate treatment). 
Only 10 out of 199 metabolites (5.26%) detected in the GC-MS untargeted metabolomics 
analysis were found to be different in the relative abundances between the strongest HR line 
(93-5A) and WT 9-1B (including both identified and unknown metabolites) (Table 3.1, 
Chapter 3). The same trend was observed in the case of the bottom-up proteomics (BUP) 
analyses that detected only 971 out of a total of 28,095 (3.45%) peptide clusters with 
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significant changed in expressions between 93-5A and WT 9-1B without glufosinate 
treatment (Table 5.1, Chapter 5). The degrees of differences between the HR and wild type 
cultivars are deemed to be „minimal‟ at baseline conditions (without glufosinate treatment).   
The large amounts of metabolomics and proteomics data generated led to the requirement to 
collectively analyze metabolomics and proteomics datasets with more powerful, statistical 
methods to extract additional, meaningful information. Unsupervised multivariate analyses 
such as PCA were applied to both metabolomics and proteomics datasets generated in this 
project. The PCA scores plots of the 4 individual omics platforms correlated well with each 
other. The close clustering of 4 HR cultivars (93-1A, 93-2B, 93-3C and 93-5A) with the 3 
wild type cultivars (WT 8-4A, WT 9-1B and WT 9-2B) was observed in the case of GC-MS 
and HR-LC-MS based metabolomics datasets as shown in Fig. 3.4A, Chapter 3 and Fig. 4.4, 
Chapter 4, respectively. Also, a close clustering between 93-5A and WT 9-1B was observed 
in the case for top-down proteomics (TDP) and BUP datasets as shown in Figs. 5.3A and 5.5, 
Chapter 5, respectively. These PCA scores plots confirmed a similarity in the detectable 
metabolome and proteome of HR and wild type buffalo grasses.   
  
With a similar analysis to PCA, the integration of 4 omics datasets was analyzed together 
using MCIA (Multiple Co-Inertia Analysis). The MCIA scores plots showed the same 
clustering patterns as with the 4 individual PCA scores plots (based on GC-MS, HR-LC-MS, 
TDP and BUP data) with the strongest HR line (93-5A) grouped with the wild type (WT 9-
1B) at baseline conditions (without glufosinate treatment) (Fig. 5.10A, Chapter 5).   
  
It can be concluded that the ‗minimal‘ differences observed in the metabolome (5.26%) and 
proteome (3.45%) between 93-5A and WT 9-1B did not contribute enough weight to separate 
93-5A from WT 9-1B neither by PCA nor MCIA. Therefore, the results obtained from the 
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above analyses (identification of metabolites and proteins with significantly different 
abundances, PCA and MCIA) all supported that 93-5A to be ‗substantially equivalent‘ to WT 
9-1B. Similar clustering patterns were observed for 93-1A, 93-2B and 93-3C grouped with 
WT 8-4A, WT 9-1B and WT 9-2B in the PCA scores plots from both GC-MS and HR-LC-
MS based metabolomics datasets. Although comparative proteomics studies were not 
performed for these 3 HR cultivars due to constraints of a budget and facilities, the very 
consistent results from metabolomics based PCA is still strongly support the „substantial 
equivalence‟ between 93-1A, 93-2B and 93-3C and WT 9-1B comparator.  Our results 
agreed with the plethora of assessments over 20 years on the unintended changes/effects of 
GM plants by U.S. FDA and Japanese regulatory agency that reported 148 and 189 transgenic 
events were „substantially equivalent‘ to their respective comparators, respectively (see 
review by Herman & Price, 2013).  The authors covered extensive lists of GM crops (corn, 
soybean, cotton, canola, wheat, potato, alfalfa, rice, papaya, tomato, cabbage, pepper, 
raspberry, and mushroom) with several agronomic traits (and traits of herbicide tolerance, 
insect resistance, virus resistance, drought tolerance, cold tolerance, nutrient enrichment, and 
expression of protease inhibitors) in their review before critically concluding that some 
inevitable changes in some metabolite classes (restricted sets of nutrients e.g. amino acids, 
sugar, fatty acids) of GM crops were 1) less than that detected in crops produced from 
conventional breeding programs and 2) did not give rise to safety hazards in relations to food 
consumption (Herman & Price, 2013).   
 
6.2 The inserted pat gene did not alter the metabolism of HR buffalo grasses 
 
Although few metabolites and proteins were significantly different in their relative 
abundances (5.26% and 3.45%, respectively), between 93-5A and WT 9-1B under normal 
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conditions (without glufosinate treatment), the relationship between these subsets of 
metabolites and proteins may exist. If these kinds of correlations were present, then it 
indicated the concerted effects of the pat gene insertion on particular pathways of the HR 
cultivars. However, the enriched pathway analyses of compounds measured from GC-MS 
based on a comparison between all 4 HR cultivars and WT 9-1B did not identify any 
significant enriched pathways (Table 3.4, Chapter 3). Similarly, mummichog based pathway 
analyses of features detected by HR-LC-MS also failed to identify significant enriched 
pathways (Table 4.3, Chapter 4). Nor did functional pathway analyses of differentially 
expressed proteins from BUP of 93-5A in comparison to WT 9-1B identify any significant 
enriched pathways (Table 5.4, Chapter 5). Further analyses of the combined datasets from 
GC-MS and BUP from a specific comparison between 93-5A and WT 9-1B showed very 
scarce protein-protein interactions and no metabolite-protein interactions were found (Fig. 
5.11, Chapter 5). All lines of evidence indicated that the pat gene insertion did not exert its 
downstream effects on metabolism on the HR buffalo grasses (at least for 93-5A).     
 
6.3 Glufosinate application altered changes in molecular phenotypes of the wild type 
buffalo grass via senescence. 
 
The deleterious effects of glufosinate did not only cause severe visual injuries (Fig. 3.1, 
Chapter 3) in the 3 wild type cultivars but also resulted in significant increases in several free 
amino acids in these 3 sensitive varieties (Fig. 3.8, Chapter 3). Phenylalanine and isoleucine 
were clearly the strong contributors to the separation of glufosinate-treated WT 8-4A, WT 9-
1B and WT 9-2B from those samples without glufosinate treatment (Fig. 3.4B, Chapter 3). In 
line with the evidence from 1) the absence of a subset of proteins at retention time (RT) 17-
21 mins (Fig. 5.2C, Chapter 5), 2) significant decreases in total protein (Fig. 5.1, Chapter 5) 
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together with 3) the obvious reductions in Rubisco (the most abundant proteins in plants) and 
photosystems constituents (Fig. 5.9A, Chapter 5), substantial increases in free amino acids 
was likely derived from protein degradation. The PCA scores plots and heatmap constructed 
from senescence-related proteins clearly showed that glufosinate-treated WT 9-1B responded 
to glufosinate in a distinct way due to changes in these subsets of proteins (Figs. 5.7, 5.9A 
Chapter 5). There was a justifiable correlation between the PCA plots obtained from TDP and 
that from senescence scores where both PCA plots displayed a distant isolation of 
glufosinate-treated WT 9-1B from other groups of samples (93-5A and WT 9-1B without 
glufosinate treatment and glufosinate-treated 93-5A, Fig. 5.3, Chapter 3). In this project, 
several lines of evidence have indicated that glufosinate induced metabolic changes in a 
sensitive WT 9-1B via senescence processes.  
  
The glufosinate effects are likely linked to senescence via glufosinate-induced massive 
production of reactive oxygen species (ROS) (Takano et al., 2019). As ROS is widely 
accepted to play an important role in initiating senescence under the stress conditions 
(Khanna-Chopra et al., 2013), it can be assumed that premature leaf senescence is also 
triggered by glufosinate treatment through a similar mechanism to that found in many stress-
induced senescence . Despite differences at some specific regulatory points, both natural and 
stress-induced senescence were regulated by the similar regulatory networks involving 
hormones, transcription factors and ROS. Overall, this results in a very similar cascade of 
events observed in both types of senescence (Khanna-Chopra et al., 2013; Podzimska-Sroka 
et al., 2015). One such example of a difference between natural and stress-induced 
senescence were the presence of NTL4 transcription factor in a promotion of ROS burst 
during drought-induced senescence but was absent from natural senescence in Arabidopsis 
leaves (Li et al., 2017).  
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However, a major difference between the natural and stress-induced senescence lies in a 
speed of the senescing events. Under normal condition, excessive ROS can be scavenged by 
various antioxidative defense mechanisms and therefore natural senescence is gradually 
escalating following the increased ROS production which responses to a progressive 
reduction in the antioxidant capacity due to aging (Lim et al., 2007). Under a stress condition, 
the equilibrium between production and scavenging of ROS may be perturbed by various 
biotic and abiotic stresses. These disturbances of the equilibrium lead to sudden increases in 
intracellular ROS levels causing 1) a rapid and acute cellular damage and 2) initiating 
cascade of senescence mechanisms (Huang et al., 2019).  
 
Furthermore, a role of ammonia (NH4
+
) accumulation in glufosinate-induced premature leaf 
senescence cannot be excluded based on the experimental evidence. It is well accepted that 
glufosinate irreversibly inhibits glutamine synthetase (GS), causing depletion in glutamine 
and glutamate and accumulations of phytotoxic NH4
+
 (Beriault et al., 1999). In supporting 
this notion, elevated NH4
+
 were strongly associated with dark-induced senescence in 
detached leaves of Zea mays cv XL 678 (Chen & Kao, 1996). Another study in the detached 
leaves of Oryza sativa cv. Taichung Native 1 treated with methionine sulfoximine (MSO) 
resulted in accumulations of NH4
+
 due to the inhibitory effects of MSO on GS similarly to the 
effects of glufosinate (Hung & Kao, 1998). In the same study, both external NH4Cl and MSO 
treatments were found to promote senescence of the rice leaves kept in the dark (Hung & 
Kao, 1998). All evidence presented above indicated a strong correlation between NH4
+
 
accumulation and stress-induced leaf senescence and therefore, it is possible link NH4
+
 to 
glufosinate-induced leaf senescence, leading to devastating effects of glufosinate at the 
whole-plant level. This concept is in agreement with the recent explanation proposed by 
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Takano et al. (2019) that NH4
+
 could involve the regulation of the long-term effects of 
glufosinate on plants death. 
 
Substantial reductions in protein and considerable increases in free amino acids led to 
significant enrichment of several metabolic pathways associated with protein metabolism. 
Based on the GC-MS metabolomics datasets, 4 HR lines and WT 9-1B with glufosinate 
treatment, aminoacyl-tRNA biosynthesis was identified as the most enriched pathways (p < 
0.001) (Table 3.5, Chapter 3). Analysis of HR-LC-MS based metabolomics dataset, using 
mummichog algorithm identified phenylalanine metabolism as the most significant enriched 
pathway (p = 0.05), when 93-5A were compared to WT 9-1B after glufosinate treatment 
(Table 4.4, Chapter 4). Biological functional enriched analysis of the BUP comparing 
glufosinate-treated 93-5A and WT 9-1B also identified 2 enriched pathways: ribosome 
pathway (p = 2.55 x 10
-6
) and biosynthesis of amino acids (p = 0.004) (Table 5.5, Chapter 5). 
It is well documented that the degradation of macromolecules especially proteins allowed 
remobilization of nutrients from senescence leaves to other parts of plants (Kim et al., 2017; 
Lim et al., 2007). Protein metabolism were all enriched in every omics platforms in this 
project confirming the involvement of senescence in mediating the effects of glufosinate on 
the 3 sensitive wild type cultivars.   
  
As senescence is regarded as the final stage of plant development, it requires metabolic 
energy (ATP) to support various processes during senescence such as transportation of 
nutrients, effective transcription and translation of senescence-related proteins (e.g. GS, 
catalase) (Biswal & Biswal, 1999). The metabolic network model proposed by Biswal and 
Biswal (1999) suggested tricarboxylic acid (TCA) cycle as a major source of energy supply 
during developmental senescence. In addition, untargeted GC-MS based metabolomics 
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approach provided evidence of increasing TCA cycle intermediates including citric acid, 
aconitic acid, 2-oxoglutaric acid, succinic acid and malic acid after 5 days of dark-induced 
senescence in Arabiodopsis thaliana double-mutant prodh1 and prodh2 (Launay et al., 2019). 
In that study (Launay et al., 2019), alternative substrates for respiration from proline 
oxidation was limited in the mutant plants due to a deficiency in proline dehydrogenases 
(ProDHs), a key enzyme to catalyze the reaction. Such disruption caused the TCA cycle 
intermediates to increase to compensate for the absence of additional source of carbon 
skeleton to produce sufficient energy to match the rising demand for energy during dark-
induced senescence. Significant enrichment of TCA cycle (p = 0.01) was also reported in the 
leaf samples of wheat during drought-induced senescence and it was identified as a result of 
substantial increase in the abundances of citric acid, isocitric acid, malic acid, fumaric acid 
and pyruvic acid (Kang et al., 2019).   
 
In agreement with this notion, the TCA cycle was significantly enriched (p = 0.046) from the 
data obtained by HR-LC-MS based metabolomics. These findings indicated a reprograming 
of central carbon metabolism in glufosinate-treated WT 9-1B (Table 4.4, Chapter 4) because 
the significant enrichment of the TCA cycle was resulted from significant accumulation of 
the intermediates consisting of 2-oxoglutaric acid, cis-aconitic acid, malic acid, succinic acid, 
isocitric acid, and citric acid in WT 9-1B in response to glufosinate treatment (Fig. 4.5, 
Chapter 4).  
 
Additional evidence in supporting this notion, the pathway analysis from data obtained from 
GC-MS based metabolites selected from a comparison of 4 HR lines with WT 9-1B (Table 
3.5, Chapter 3) also found glyoxylate and dicarboxylate metabolism significantly enriched (p 
= 0.048) in response to glufosinate treatment. Glyoxylate and dicarboxylate metabolism was 
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also considered as an alternative route of the TCA cycles at anaerobic conditions, bypassing 
the electrons transport step in TCA cycle to potentially conserve carbon atoms for 
gluconeogenesis, and tolerate oxidative stress (Ahn et al., 2016). An evidence from a study in 
Arabidopsis mutant lacking of isocitrate lyase (ICL) gene expression (Aticl) confirmed that 
ICL plays vital role to seedling growth and development during salt stress but not under a 
normal growth condition (Yuenyong et al., 2019). ICL catalyzed a conversion of isocitric 
acid to glyoxylic acid (a precursor of malic acid) and succinic acid in part of glyoxylate and 
dicarboxylate metabolism to alternatively produce FADH2 and NADH bypassing the 
disrupted TCA cycle under salt stress (Yuenyong et al., 2019). The results highlighted the 
essential role of glyoxylate and dicarboxylate metabolism in plant acclimatization to abiotic 
stress. Whether or not the glyoxylate and dicarboxylate metabolism also up-regulates to 
provide alternative source of energy to glufosinate-treated buffalo grasseses requires further 
investigation.  
  
In summary, all lines of evidence support the hypothesis of glufosinate exerting its effects on 
the 3 sensitive wild type cultivars (WT 8-4A, WT 9-1B and WT 9-2B) by inhibiting GS, 
leading to NH4
+
-promoted senescence. In this project, intensive degradation of proteins was 
measured by proteomics analyses while increases in several free amino acids were detected 
by GC-MS. Reprogramming of carbon central metabolism was observed and this alterations 
in carbon metabolism was hypothesized to supply additional energy to support the 
degradations of macromolecules.                    
  
6.4 Differentiate metabolite profiles of glufosinate response from glufosiante-induced 
injuries   
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As metabolomics is a highly sensitive technique, it will be useful and informative to 
distinguish the effects of glufosinate responses from that of glufosinate-induced injury on 
metabolisms by merely observing metabolomics profiles. However, one has to bear in mind 
that this project was originally designed to evaluate the similarities/differences of molecular 
compositions between the novel glufosinate-resistant buffalo grasses and their wild type 
comparator. As a result, a following hypothesis to distinguish metabolic state of glufosinate-
induced responses from glufosinate-induced injuries is only based on very few evidences but 
several assumptions. Firstly, let assume that wounding effects due to the harvest processes 
and subsequent sample preparations were minimal as injury associated metabolites were 
carefully controlled in both wild type and HR buffalo grass cultivars by instantly freezing the 
leaf samples in the liquid nitrogen. Such practices limited the interference from wounding 
effects in the later analysis and therefore guaranteed exclusive studies of additional effects of 
glufosinate treatment on metabolomics profiles. Secondly, one has to assume that variations 
in the metabolisms between different buffalo grasses were only attributable to different 
degree of glufosinate-resistant trait. Finally, at the strictly control conditions [the same 
environmental effects (harvest all samples on the same day) and the same prescribed dose and 
contacting duration of glufosiante treatment], then the buffalo grasses could be divided into 3 
groups.  These include: glufosinate-resistant cultivars (3 strong HR cultivars, 93-1A, 93-3C 
and 93-5A), a weak-resistant cultivar (93-2B) and glufosinate-sensitive cultivars (3 wild type 
cultivars, WT 8-4A, WT 9-1B and WT 9-2B).   
 
It is interesting that 1) 3 glufosinate-treated HR cultivars showed no significantly different 
metabolites to those of the non-treated samples (Table S3.2, Appendix) nor demonstrated 
notable visual injuries  2) glufosinate-treated 93-2B were predominantly accumulated a 
number of organic acids (Table S3.2, Appendix) in concurrent with a slight visual injuries  
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and 3) 3 glufosinate-treated wild type cultivars significantly accumulated a great deal of 
amino acids and organic acids (Table S 3.1, Appendix) accompanied by a distinct visual 
injury (Fig. 3.1 A, B, and C, Chapter 3). The analogy from the above correlations between 
metabolomics and visual injuries suggests that the metabolisms of 93-2B were likely still in a 
responsive state to glufosinate treatment whereas those of 3 wild type cultivars implicate 
glufosinate-induced injuries. Therefore, a broad speculation is postulated that an outstanding 
accumulation of several organic acids (many of them associate with carbon metabolisms such 
as TCA cycle) is a key feature to represent the metabolic response of plants to glufosinate 
applications. This speculation suggests that plants responses to glufosinate stress by adjusting 
central carbon metabolisms to mitigate the deleterious effects of glufosinate treatment. This 
speculation is in agreement with a short-term experiment with Arabidopsis thaliana which 
was designed to elucidate the early metabolic responses of glufosinate treatment (Trenkamp 
et al., 2009). Changes in metabolome of glufosinate-treated A. thaliana clearly concentrated 
on a sharp increase in the relative concentrations of many TCA cycle intermediates (such as 
2-oxoglutaric acid, citric acid and succinic acid) at 1, 3 and 6 hours after a single application 
of glufosinate treatment (Trenkamp et al., 2009). Another speculation is that a significant 
increase in the abundance of numerous amino acids and organic acids are a key determinant 
to indicate a metabolome of plants that are severely damaged by glufosinate application. The 
latter speculation introduces a metabolic readout to identify glufosinate-induced injuries in 
planta.  
 
6.5 Criteria to determine the biosafety of transgenic plants    
 
The concept of „substantial equivalence‘ was originally outlined by OECD since 1993 to 
assess the safe use of genetically modified organisms (GMOs) before commercialization 
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(OECD, 1993). A fundamental concern is focused on a primary technique to create the new 
GMOs called transgenesis. This modern technique relies on introduction of the genes with 
desirable traits from one organism to other organisms (Rao, 2015). Generally, the donors and 
receptors are neither the same species nor sexually compatible. For example, the cp4-epsps 
gene obtained from the bacteria Agrobacterium sp. strain CP4 was inserted into the maize 
genome to confer the glyphosate-resistant traits (Funke et al., 2006). Because the introduction 
of the foreign gene is not only conducted across unrelated species but also randomly 
incorporated to any sites in the recipient genomes, these practices cause the public to concern 
about the unpredictable consequences („unintended effects‟) and potential risk associated with 
the transgenic GMOs (National Academies of Sciences, 2017).   
 
Recently, many genome editing technologies such as clustered regularly interspaced short 
palindromic repeats (CRISPR)/Cas9 system, transcription activator-like effector nucleases 
(TALENs), zinc finger nucleases (ZFNs), cisgenesis and intragenesis have been applied to 
produce GM plants (National Academies of Sciences, 2017). The new technologies provide 
scientists with new tools to develop the GM plants with desirable agronomics traits at a rapid 
pace and at precise targeted genes (Mohanta et al., 2017). These modern biotechnologies 
made the current framework of biosafety assessments outdated because genome editing 
technologies can exploit the existing genome of the targeted plant species themselves (Cardi, 
2016), eliminating a necessity to transfer a foreign gene across sexually incompatible 
species.    
  
It has been suggested that an improvement of the current framework of biosafety assessment 
of GMOs by including omics technologies in the assessing protocol is needed (Christ et al., 
2018; Ladics et al., 2015). Besides, multiple omics technologies are recommended in the 
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updated regulatory framework because a single genetic modification may affect several 
classes of biomolecules including RNAs, proteins and metabolites (Christ et al., 2018). As 
the cost of omics analyses continues to decrease (Karczewski & Snyder, 2018), multi omics 
analyses should be routinely applied to assess new GM plants on a case-by-case basis. The 
new and effective framework should focus on the intended or unintended effects of genetic 
modifications on new GM plants (‗outcome-based approach‘) rather than on the technologies 
to modify the gene (‗process-based approach‘) (Ladics et al., 2015). The former approach are 
suitable to accommodate the ever-growing application of gene editing technologies in current 
crop breeding programs as well as upcoming technologies of synthetic biology and 
computationally designed genetics/genomes which have a great potential to intentionally 
modify biochemical pathways beyond imagination (Ladics et al., 2015; National Academies 
of Sciences, 2017). Finally, the improved framework is expected to provide more efficient 
and standardized protocols to facilitate biosafety assessment, leading to greater knowledge 
and transparency (unbiased and sufficient data is necessary to increase public acceptance of 
GM plants) in association with new GM plants (Christ et al., 2018). A standardized protocol 
is crucial for compilation of data and it will increase comprehensiveness of databases 
providing benefits in the prediction or direct assessment of the potential risks associated with 
unintended compositional changes (e.g.  proteins and metabolites) of new GM plants in each 
individual case.   
  
With the best of my knowledge, omics data of C4 turfgrass have never been reported nor 
deposited in any public domains, let alone HR turfgrass. Both proteomics and metabolomics 
datasets generated from HR and wild type buffalo grasses (Stenotaphrum secundatum L.), if 
reported in a peer-review journal and thesis repositories at RMIT University or made 
available in public databases [e.g. metabolomics workbench (https://www.metabolomicswork 
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bench.org)], will contribute additional knowledge.  
  
Some technical aspects learnt from this project may support the development of the updated 
regulatory framework. Firstly, PCA is a robust statistical method to distinguish/cluster GM 
samples from/with their conventional comparators, when large datasets of metabolomics and 
proteomics datasets were used as input. Secondly, analysis of each molecular feature 
(metabolites and proteins) is necessary to gain more information to support biosafety 
assessment. Thirdly, if a comparison between GM samples and their comparators identify 
molecular features with significantly different relative abundances less than 6% of total 
features, then PCA scores plots are likely to group GM samples with their respective 
comparators. Fourthly, a significant difference in the relative abundance of some 
metabolites/proteins between the GM samples with their comparators is inevitable but these 
differences are not a synonym to the harmful unintended effects of genetic modifications 
(Ladics et al., 2015). Finally, the integration of multiple omics platforms, using MCIA is 
practical and the results increase the confidence towards biosafety assessment.        
 
6.6 Future research  
 
For Chapter 3, identification of 3 unknown compounds (unknowns 7, 14 and 19) which 
strongly drives the separation of glufosinate-treated wild type cultivars on PCA scores plot is 
still unsolved. Another analytical approach such as NMR should be attempted to aid in the 
identification of these compounds. The mechanistic regulation of the complicated TCA cycle 
response and contribution of glyoxylate and dicarboxylate metabolism to glufosinate-treated 
plants deserve further investigation. Targeted analysis of the associated metabolites to the 2 
pathways, using biochemical and MS-based approaches should offer us the answers. For 
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Chapter 4, in-house library of HR-LC-MS constructed from several authentic standards will 
benefit the identification of features in this project. Accurate/putative interpretation of HR-
LC-MS based metabolite profiles requires its own library unlike GC-MS which routinely uses 
standard mass spectral library to aid compound annotation with relatively high confidence 
(up to level 2 of identification based on MSI reporting standard). For Chapter 5, if sufficient 
time, labor and resources are available, 2 additional wild type cultivars (WT 8-4A and WT 9-
2B) and the weakest HR line, 93-2B should be included in the proteomics analyses to provide 
greater evidence to support ‗substantially equivalent‘ of transgenic buffalo grasses to their 
wild type comparator. A stable isotope labelling experiments coupled with enzyme kinetics 
data (from both enzyme kinetics in the pathways and the enzyme synthesis kinetics) will 
facilitate a better integration of metabolomics to proteomics dataset, allowing extraction of 
more meaningful information. 
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APPENDIX 
Table S3.1 Compounds identified from the GC-MS based metabolite profile. Significantly different metabolites (p < 0.05) of 3 wild type 
varieties: WT 8-4A, WT 9-1B and WT 9-2B between the glufosinate-treated and non-treated samples were calculated based on student‘s t-test 
(t-test) for each metabolite and then highlighted in green. NB: SEM = standard error of the mean and x-folds = fold change of the relative 
concentrations of metabolites observed in each wild type varieties with and without glufosinate treatment.  
 
Cultivars WT 8-4A WT 9-1B WT 9-2B 
  x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test 
AMINO ACIDS 
            
Alanine DL   4.409 ± 1.701 0.401 5.646 ± 0.503 0.111 0.328 ± 0.376 0.228 
Asparagine DL   0.817 ± 0.549 0.781 10.726 ± 0.068 0.000 8.884 ± 0.315 0.023 
Aspartic acid DL   0.513 ± 0.274 0.286 0.377 ± 0.162 0.088 0.469 ± 0.150 0.427 
beta-Alanine   0.412 ± 0.364 0.179 1.231 ± 0.152 0.705 0.604 ± 0.213 0.606 
Glutamic acid DL   0.545 ± 0.314 0.495 1.631 ± 0.322 0.289 0.232 ± 1.044 0.341 
Glutamine DL   0.104 ± 0.922 0.321 0.101 ± 0.271 0.182 0.173 ± 0.520 0.219 
Glycine   1.334 ± 0.327 0.497 0.535 ± 0.291 0.052 0.869 ± 0.243 0.819 
Homoserine DL   3.698 ± 0.469 0.032 6.950 ± 0.459 0.077 6.393 ± 0.124 0.001 
Isoleucine DL   25.812 ± 0.759 0.045 10.824 ± 0.236 0.006 13.260 ± 0.126 0.000 
Lysine DL   1.702 ± 0.712 0.363 1.308 ± 0.293 0.388 1.598 ± 0.314 0.360 
Phenylalanine DL   20.573 ± 0.355 0.002 12.775 ± 0.367 0.031 17.575 ± 0.093 0.000 
Proline DL   3.877 ± 0.490 0.039 2.683 ± 0.106 0.014 3.619 ± 0.115 0.004 
Putrescine   1.267 ± 0.426 0.510 1.454 ± 0.233 0.212 1.509 ± 0.174 0.091 
Pyroglutamic acid DL   0.545 ± 0.314 0.495 1.631 ± 0.322 0.289 0.232 ± 1.044 0.341 
Serine DL   4.648 ± 0.412 0.013 4.659 ± 0.191 0.006 4.604 ± 0.153 0.004 
Threonine DL   1.053 ± 0.665 0.923 1.929 ± 0.162 0.060 1.354 ± 0.215 0.396 
Threonic acid   33.406 ± 0.384 0.002 4.842 ± 0.461 0.126 2.584 ± 0.442 0.222 
Tyrosine DL   5.567 ± 0.417 0.010 3.794 ± 0.401 0.095 4.926 ± 0.076 0.002 
Valine DL   17.236 ± 0.772 0.051 5.299 ± 0.199 0.006 8.807 ± 0.306 0.018 
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SUGAR&SUGAR ALCOHOLS 
            
Dotriacontanol   1.286 ± 0.327 0.553 1.763 ± 0.399 0.265 1.762 ± 0.294 0.218 
Erythritol  0.624 ± 0.518 0.382 0.500 ± 0.128 0.438 0.723 ± 0.368 0.704 
Galactitol  1.816 ± 1.110 0.473 1.858 ± 0.030 0.004 0.249 ± 0.183 0.460 
Galactosylcerol   1.099 ± 0.371 0.748 1.090 ± 0.185 0.762 1.040 ± 0.260 0.917 
  
            
ORGANIC ACIDS 
            
2,3-Dimethylsuccinic acid   1.395 ± 0.280 0.137 1.272 ± 0.203 0.481 1.087 ± 0.106 0.530 
2-Ketooctanoic acid   19.395 ± 1.045 0.119 25.171 ± 0.115 0.000 8.814 ± 0.899 0.292 
4-Hydroxybenzoic acid,   2.268 ± 0.163 0.001 2.144 ± 0.199 0.029 1.556 ± 0.082 0.076 
2,4-dihydroxybutanoic acid  9.776 ± 0.481 0.010 13.657 ± 0.224 0.005 9.655 ± 0.082 0.000 
2-amino butyric acid,   1.750 ± 0.821 0.483 1.475 ± 0.275 0.274 2.548 ± 0.436 0.211 
cis-Aconitic acid   6.077 ± 0.468 0.013 6.531 ± 0.180 0.003 5.119 ± 0.008 0.002 
Citric acid   2.520 ± 0.273 0.006 1.954 ± 0.199 0.044 0.382 ± 0.898 0.107 
Erythronic acid   3.047 ± 0.377 0.012 2.338 ± 0.121 0.003 2.462 ± 0.168 0.010 
Fumaric acid   4.819 ± 0.453 0.013 7.015 ± 0.360 0.036 4.960 ± 0.174 0.004 
GABA   1.236 ± 0.305 0.437 1.438 ± 0.066 0.163 1.041 ± 0.271 0.927 
Galactonate  2.298 ± 0.837 0.292 0.470 ± 0.518 0.305 0.779 ± 0.480 0.705 
Galactonic acid   2.725 ± 1.148 0.313 0.576 ± 0.138 0.585 0.542 ± 0.067 0.573 
Galacturonate MX1  88.457 ± 0.638 0.021 153.590 ± 0.233 0.004 156.930 ± 0.064 0.000 
Gluconate  2.081 ± 0.242 0.029 5.146 ± 0.132 0.001 6.279 ± 0.074 0.000 
1,4-Gluconic acid DL   14.191 ± 0.152 0.000 11.857 ± 0.282 0.012 13.641 ± 0.058 0.000 
Glucuronic acid D   1.575 ± 0.641 0.493 2.325 ± 0.639 0.360 0.520 ± 0.219 0.459 
Glutaric acid DL   4.096 ± 1.157 0.244 3.643 ± 0.180 0.005 1.221 ± 0.032 0.497 
2-Oxoglutaric acid,  5.471 ± 0.476 0.014 3.843 ± 0.377 0.067 4.079 ± 0.121 0.001 
Glyceric acid-2-P   1.367 ± 0.513 0.451 1.384 ± 0.492 0.656 0.644 ± 0.443 0.439 
Glyceric acid-3-P   0.199 ± 0.560 0.047 0.169 ± 0.148 0.080 0.161 ± 0.069 0.091 
Gulonic acid   15.453 ± 0.411 0.004 15.653 ± 0.413 0.042 21.335 ± 0.155 0.001 
Malic acid DL 2.781 ± 0.280 0.006 2.750 ± 0.202 0.011 0.470 ± 0.894 0.202 
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2-methyl malic acid   1.169 ± 0.536 0.664 1.236 ± 0.078 0.335 0.910 ± 0.301 0.784 
Malonic acid   6.720 ± 0.466 0.011 5.922 ± 0.331 0.031 7.351 ± 0.279 0.014 
Oxalic acid   0.564 ± 1.312 0.434 4.431 ± 0.465 0.129 0.670 ± 0.869 0.705 
Phosphoric acid monomethyl ester   1.093 ± 0.100 0.325 1.127 ± 0.116 0.461 0.758 ± 0.047 0.223 
Pipecolic acid   3.200 ± 0.250 0.020 1.082 ± 0.302 0.839 2.412 ± 0.220 0.055 
Quinic acid D   0.504 ± 0.629 0.245 0.555 ± 0.296 0.061 0.427 ± 0.164 0.000 
Salicylic acid   1.534 ± 0.277 0.264 1.252 ± 0.276 0.553 1.183 ± 0.194 0.642 
Succinic acid   9.978 ± 0.579 0.021 7.941 ± 0.259 0.010 7.067 ± 0.126 0.000 
Sulfuric acid   1.375 ± 1.017 0.682 3.337 ± 0.701 0.292 1.038 ± 0.580 0.968 
  
            
SUGAR/SUGARPHOSPHATES 
            
1-Ketose  0.286 ± 0.484 0.002 0.368 ± 0.168 0.030 0.509 ± 0.267 0.087 
Arabinose  1.061 ± 0.396 0.799 0.725 ± 0.181 0.176 0.779 ± 0.193 0.577 
beta-Gentibiose  0.222 ± 0.169 0.092 0.179 ± 0.143 0.135 0.228 ± 0.204 0.062 
Cellobiose MX1  0.990 ± 0.267 0.956 0.997 ± 0.374 0.994 0.866 ± 0.239 0.752 
Cellobiose MX2 0.634 ± 0.359 0.072 0.588 ± 0.214 0.074 0.770 ± 0.269 0.531 
Fructose-6-P  0.108 ± 0.370 0.000 0.057 ± 0.303 0.001 0.119 ± 0.391 0.014 
Fructose 0.948 ± 0.697 0.894 0.645 ± 0.199 0.315 0.152 ± 1.050 0.064 
Glucose MX1 2.238 ± 0.681 0.170 0.917 ± 0.498 0.911 1.029 ± 0.262 0.961 
Glucose MX2 0.197 ± 0.603 0.375 1.159 ± 0.470 0.747 1.546 ± 0.321 0.287 
Glyceric acid DL   1.159 ± 0.391 0.598 0.676 ± 0.307 0.256 0.082 ± 0.978 0.027 
myo-Inositol-1-P 1.150 ± 0.260 0.492 1.180 ± 0.095 0.198 1.020 ± 0.182 0.926 
Maltose  0.524 ± 0.383 0.084 0.494 ± 0.239 0.076 0.511 ± 0.279 0.089 
Mannose-6-P MX2  0.265 ± 0.263 0.002 0.212 ± 0.107 0.013 0.327 ± 0.356 0.049 
Melezitose  0.373 ± 0.131 0.396 1.477 ± 0.223 0.419 1.630 ± 0.293 0.217 
Melibiose MX1  1.517 ± 0.407 0.331 0.424 ± 0.157 0.130 0.588 ± 0.165 0.371 
Melibiose MX2  1.275 ± 0.288 0.211 1.121 ± 0.165 0.714 1.366 ± 0.241 0.337 
myo-Inositol   0.806 ± 0.345 0.234 0.768 ± 0.134 0.255 0.692 ± 0.212 0.286 
Rhamnose  1.013 ± 0.183 0.919 0.979 ± 0.057 0.861 1.014 ± 0.101 0.928 
Ribitol  1.701 ± 0.345 0.076 2.068 ± 0.091 0.003 1.823 ± 0.098 0.016 
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Saccharic acid   0.840 ± 0.297 0.650 1.349 ± 0.354 0.513 0.852 ± 0.181 0.495 
Sorbitol  1.748 ± 0.754 0.366 1.748 ± 0.309 0.163 0.381 ± 0.283 0.507 
Sucrose  1.600 ± 0.102 0.013 1.067 ± 0.174 0.748 0.203 ± 0.952 0.019 
Xylose MX2  1.595 ± 0.645 0.324 0.558 ± 0.300 0.077 1.163 ± 0.488 0.822 
             
FATY ACIDS             
Heptadecanoic acid, n   3.194 ± 0.621 0.081 1.738 ± 0.194 0.090 1.649 ± 0.126 0.077 
Hexdecanoic acid, n   2.564 ± 0.759 0.161 1.466 ± 0.146 0.121 1.193 ± 0.042 0.421 
Octacosanoic acid, n   1.267 ± 0.196 0.283 1.037 ± 0.370 0.946 1.511 ± 0.254 0.207 
Octadecadienoic acid, 9,12-(Z,Z)-n   1.126 ± 0.444 0.806 1.208 ± 0.267 0.609 1.349 ± 0.245 0.479 
Octadecanoic acid,n   2.207 ± 0.319 0.016 1.740 ± 0.204 0.059 1.658 ± 0.017 0.010 
             
STEROLS 
            
beta-Sitosterol   1.028 ± 0.192 0.872 0.982 ± 0.248 0.949 0.828 ± 0.128 0.495 
Campesterol   1.117 ± 0.280 0.645 1.018 ± 0.282 0.956 1.085 ± 0.135 0.771 
Cholesterol   2.010 ± 0.122 0.014 0.581 ± 0.167 0.520 1.381 ± 0.103 0.094 
Lanosta-8,24-dien-3-beta-ol   0.892 ± 0.207 0.691 0.820 ± 0.316 0.634 1.052 ± 0.231 0.873 
Stigmasterol   1.469 ± 0.302 0.141 1.264 ± 0.312 0.519 1.182 ± 0.121 0.523 
  
            
OTHER COMPOUNDS 
            
2-Monolinoleylglycerol 1.459 ± 0.305 0.172 2.863 ± 0.287 0.054 1.421 ± 0.388 0.597 
4-Coumaric acid    2.755 ± 0.592 0.108 1.252 ± 0.053 0.675 3.450 ± 0.722 0.312 
5-hydroxytryptamine 0.222 ± 0.776 0.186 0.253 ± 0.701 0.176 0.546 ± 0.450 0.406 
Adenosine   0.625 ± 0.878 0.394 0.872 ± 0.554 0.825 0.266 ± 0.501 0.165 
Adenosine-5-monophosphate   0.138 ± 0.333 0.267 0.068 ± 0.300 0.205 0.135 ± 0.096 0.329 
Allantoin   0.079 ± 1.347 0.296 2.570 ± 0.174 0.011 1.172 ± 0.542 0.883 
Butyro-lactam   1.419 ± 0.322 0.346 0.892 ± 0.310 0.814 1.066 ± 0.221 0.891 
Ethanolamine   2.072 ± 0.135 0.056 1.766 ± 0.581 0.458 1.520 ± 0.279 0.514 
α-Tocopherol   1.116 ± 0.269 0.544 0.960 ± 0.382 0.938 1.069 ± 0.154 0.832 
γ-Tocopherol   2.970 ± 0.219 0.004 5.423 ± 0.480 0.101 5.932 ± 0.163 0.003 
Appendix 
293 
 
Glycerol-3-P 1.308 ± 0.200 0.098 0.853 ± 0.098 0.530 0.877 ± 0.142 0.426 
Guanine   3.111 ± 1.338 0.355 2.176 ± 0.544 0.374 1.786 ± 0.503 0.519 
Guanosine   1.620 ± 0.850 0.520 1.414 ± 0.449 0.655 1.565 ± 0.564 0.652 
Phosphoric acid   1.498 ± 0.442 0.191 0.971 ± 0.222 0.937 0.237 ± 1.004 0.045 
Salicylaldehyde-beta-D-glucoside  1.421 ± 0.349 0.147 1.230 ± 0.093 0.172 1.252 ± 0.084 0.579 
Threonic acid-1,4 lactone   0.600 ± 0.346 0.013 0.852 ± 0.548 0.737 0.475 ± 0.035 0.007 
Uridine   2.705 ± 0.599 0.094 3.040 ± 0.413 0.138 2.506 ± 0.411 0.171 
  
            
UNKNOWNS 
            
UN1_7.831_258  0.558 ± 0.599 0.605 0.574 ± 0.068 0.349 3.401 ± 0.301 0.049 
UN10_17.275_307  1.897 ± 0.157 0.069 1.464 ± 0.373 0.497 2.574 ± 0.080 0.017 
UN11_18.108_231  2.760 ± 0.356 0.014 2.115 ± 0.302 0.103 2.153 ± 0.386 0.166 
UN12_18.792_276  0.915 ± 0.149 0.512 1.178 ± 0.193 0.531 0.770 ± 0.092 0.068 
UN13_18.913_333  2.682 ± 0.418 0.057 1.752 ± 0.194 0.330 2.853 ± 0.049 0.004 
UN14_19.530_276  58.692 ± 0.463 0.005 86.396 ± 0.012 0.000 97.538 ± 0.124 0.000 
UN15_19.613_369  0.956 ± 0.477 0.923 5.828 ± 0.342 0.043 4.500 ± 0.023 0.003 
Un16_19.830_361  0.988 ± 0.517 0.963 0.602 ± 0.290 0.098 0.422 ± 0.395 0.057 
UN17_20.219_305  1.269 ± 0.864 0.702 0.704 ± 0.013 0.639 0.745 ± 0.127 0.405 
UN18_20.352_333  1.337 ± 0.547 0.414 1.067 ± 0.200 0.750 0.808 ± 0.120 0.129 
UN19_20.607_382  226.216 ± 0.659 0.023 125.973 ± 0.085 0.000 108.018 ± 0.351 0.020 
UN2_7.955_258  1.807 ± 0.130 0.003 1.392 ± 0.157 0.150 1.199 ± 0.123 0.503 
UN20*_21.863_332  0.406 ± 0.151 0.004 0.359 ± 0.439 0.311 0.350 ± 0.218 0.085 
UN21_22.185_379  1.374 ± 0.601 0.597 2.721 ± 0.069 0.072 1.930 ± 0.206 0.244 
UN22_21.296_361  0.996 ± 0.485 0.989 0.777 ± 0.116 0.231 0.869 ± 0.345 0.761 
UN23_22.585_447  0.269 ± 0.552 0.048 0.118 ± 0.196 0.302 0.435 ± 0.120 0.169 
UN24_22.826_371  1.265 ± 0.440 0.394 1.119 ± 0.161 0.822 1.322 ± 0.185 0.198 
UN25_23.429_477  1.430 ± 0.219 0.034 1.258 ± 0.109 0.125 1.139 ± 0.055 0.469 
UN26_23.647_318  1.180 ± 0.740 0.748 0.920 ± 0.254 0.768 1.589 ± 0.511 0.503 
UN27_24.080_389  0.995 ± 0.280 0.983 1.122 ± 0.042 0.238 1.093 ± 0.148 0.737 
UN28_24.174_392  0.876 ± 0.141 0.319 0.838 ± 0.086 0.452 0.857 ± 0.172 0.350 
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UN29_24.274_444  0.668 ± 0.474 0.280 0.741 ± 0.307 0.314 0.696 ± 0.231 0.508 
UN3_10.112_248  1.241 ± 0.424 0.426 0.903 ± 0.180 0.642 1.322 ± 0.085 0.309 
UN30_24.351_436  0.744 ± 0.530 0.371 0.684 ± 0.399 0.280 0.649 ± 0.250 0.447 
UN31_25.007_348  0.847 ± 0.177 0.277 0.921 ± 0.162 0.826 0.795 ± 0.165 0.276 
UN32_25.118_357  2.047 ± 0.378 0.038 1.687 ± 0.204 0.208 2.314 ± 0.244 0.052 
UN33_25.362_342  1.329 ± 0.338 0.422 1.131 ± 0.389 0.760 0.701 ± 0.131 0.332 
UN34_25.418_383  1.518 ± 0.513 0.246 1.841 ± 0.262 0.224 2.731 ± 0.355 0.094 
UN35_25.639_383  0.292 ± 0.674 0.079 1.061 ± 0.554 0.934 0.193 ± 0.200 0.108 
UN36_25.811_315  1.216 ± 0.531 0.607 4.121 ± 0.726 0.274 1.020 ± 0.197 0.949 
UN37_26.107_319  0.938 ± 0.173 0.501 1.063 ± 0.110 0.779 1.031 ± 0.193 0.878 
UN38_26.229_385  0.988 ± 0.198 0.939 1.053 ± 0.128 0.827 1.013 ± 0.156 0.941 
UN39_26.340_387  3.112 ± 0.958 0.234 2.653 ± 0.474 0.298 0.524 ± 0.136 0.620 
UN4_14.465_234  0.508 ± 0.540 0.015 0.537 ± 0.332 0.056 0.642 ± 0.074 0.054 
UN40_27.084_331  0.755 ± 0.306 0.385 0.645 ± 0.137 0.168 0.951 ± 0.188 0.894 
UN41_27.284_375  0.605 ± 0.351 0.030 0.757 ± 0.125 0.258 0.752 ± 0.077 0.040 
UN42_28.162_387  0.520 ± 0.258 0.042 1.139 ± 0.072 0.725 0.857 ± 0.172 0.552 
UN43_28.225_369  1.898 ± 0.939 0.380 1.329 ± 0.441 0.629 1.713 ± 0.455 0.420 
UN44_28.562_361  1.257 ± 0.368 0.324 1.096 ± 0.311 0.774 1.248 ± 0.209 0.454 
UN45_28.695_361  0.537 ± 0.119 0.006 0.626 ± 0.152 0.231 0.654 ± 0.209 0.156 
UN46_28.784_451  0.595 ± 0.127 0.312 0.626 ± 0.194 0.054 0.856 ± 0.137 0.633 
UN47_29.249_375  0.118 ± 0.343 0.009 0.064 ± 0.391 0.032 0.094 ± 0.411 0.062 
UN48_29.762_375  3.140 ± 1.068 0.294 6.371 ± 0.820 0.274 0.193 ± 0.124 0.433 
UN49_30.495_361  1.596 ± 0.999 0.487 0.616 ± 0.010 0.044 1.023 ± 0.334 0.957 
UN5_14.986_233  2.973 ± 0.315 0.028 2.160 ± 0.123 0.016 1.874 ± 0.100 0.073 
UN50_30.651_450  1.025 ± 0.231 0.879 1.066 ± 0.314 0.883 1.002 ± 0.157 0.994 
UN51_31.295_355  0.612 ± 0.428 0.074 0.590 ± 0.217 0.076 0.296 ± 0.845 0.085 
UN52_31.428_397  0.920 ± 0.545 0.879 0.850 ± 0.368 0.633 1.434 ± 0.476 0.521 
UN53_31.606_333  1.382 ± 0.421 0.283 1.020 ± 0.033 0.937 1.413 ± 0.292 0.317 
UN54_31.817_461  1.176 ± 0.244 0.468 1.520 ± 0.195 0.244 1.904 ± 0.324 0.186 
UN55_31.117_450  1.262 ± 0.430 0.541 1.135 ± 0.316 0.725 1.487 ± 0.437 0.510 
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UN556_32.573_267  0.925 ± 0.598 0.827 0.677 ± 0.367 0.628 0.648 ± 0.171 0.117 
UN57_32.684_443  1.406 ± 0.437 0.376 1.555 ± 0.202 0.213 2.653 ± 0.235 0.045 
UN58_32.839_281  0.908 ± 0.259 0.688 0.680 ± 0.286 0.524 0.866 ± 0.295 0.721 
UN59_33.861_373  0.763 ± 0.467 0.296 0.487 ± 0.110 0.246 0.698 ± 0.279 0.172 
UN6_15.708_334  0.348 ± 0.519 0.075 0.157 ± 0.288 0.002 0.252 ± 0.173 0.001 
UN60_33.917_327  0.023 ± 0.223 0.002 0.402 ± 0.790 0.391 0.048 ± 0.002 0.195 
UN61_34.139_371  0.237 ± 1.486 0.023 0.500 ± 0.538 0.428 0.400 ± 0.701 0.098 
UN62_34.350_425  0.937 ± 0.390 0.830 0.748 ± 0.270 0.707 0.799 ± 0.197 0.323 
UN63_34.695_440  1.160 ± 0.409 0.727 0.169 ± 0.251 0.290 0.836 ± 0.500 0.832 
UN64_35.250_408  0.576 ± 1.522 0.591 0.507 ± 0.587 0.652 0.472 ± 0.219 0.386 
UN7_16.341_334  68.738 ± 0.495 0.007 67.204 ± 0.366 0.024 60.143 ± 0.196 0.002 
UN8_16.697_347  2.611 ± 0.658 0.117 1.169 ± 0.081 0.268 1.760 ± 0.474 0.357 
UN9_16.786_284  5.026 ± 0.121 0.000 6.087 ± 0.218 0.006 4.621 ± 0.200 0.006 
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Table S3.2 Compounds identified from the GC-MS based metabolite profile. Significantly different metabolites (p < 0.05) of 4 HR buffalo 
grasses: 93-1A, 93-2B, 93-3C and 93-5A between the glufosinate-treated and non-treated samples were calculated based on student‘s t-test‘s (t-
test) for each metabolite and then highlighted in green. NB: SEM = standard error of the mean and x-folds = fold change of the relative 
concentrations of metabolites observed in each HR varieties with and without glufosinate treatment. 
 
Cultivars 93-1A 93-2B 93-3C 93-5A 
  x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test 
AMINO ACIDS 
                Alanine DL   1.916 ± 0.091 0.440 1.243 ± 0.056 0.027 0.948 ± 0.052 0.764 1.094 ± 0.054 0.478 
Asparagine DL   0.239 ± 0.089 0.198 0.791 ± 0.456 0.582 0.915 ± 0.103 0.697 1.134 ± 0.079 0.419 
Aspartic acid DL   0.493 ± 0.352 0.441 0.698 ± 0.213 0.179 0.736 ± 0.129 0.174 1.041 ± 0.411 0.941 
beta-Alanine   0.316 ± 0.275 0.646 0.469 ± 0.424 0.086 1.063 ± 0.253 0.809 0.938 ± 0.229 0.883 
Glutamic acid DL   0.182 ± 0.231 0.876 0.882 ± 0.173 0.645 0.959 ± 0.157 0.752 1.507 ± 0.150 0.116 
Glutamine DL   0.273 ± 0.552 0.543 1.280 ± 0.194 0.358 0.755 ± 0.126 0.054 1.138 ± 0.283 0.733 
Glycine   1.257 ± 0.752 0.878 9.352 ± 0.715 0.258 0.184 ± 0.312 0.483 1.039 ± 0.083 0.878 
Homoserine DL   0.463 ± 0.043 0.420 0.241 ± 0.164 0.001 1.128 ± 0.019 0.867 1.153 ± 0.094 0.529 
Isoleucine DL   1.204 ± 0.135 0.445 0.059 ± 0.186 0.121 0.162 ± 0.401 0.515 0.233 ± 0.436 0.348 
Lysine DL   0.635 ± 0.526 0.392 0.324 ± 0.216 0.080 0.455 ± 0.280 0.326 1.607 ± 0.435 0.521 
Phenylalanine DL   1.270 ± 0.654 0.842 0.362 ± 0.930 0.377 0.452 ± 0.360 0.690 1.412 ± 0.351 0.540 
Proline DL   0.965 ± 0.375 0.708 0.677 ± 0.397 0.610 0.658 ± 0.101 0.300 2.400 ± 0.433 0.307 
Putrescine   0.602 ± 0.456 0.703 0.808 ± 0.346 0.697 1.232 ± 0.032 0.685 1.082 ± 0.272 0.864 
Pyroglutamic acid DL   0.182 ± 0.422 0.728 1.296 ± 0.146 0.251 1.210 ± 0.271 0.516 1.447 ± 0.205 0.275 
Serine DL   0.948 ± 0.200 0.497 0.836 ± 0.162 0.590 0.891 ± 0.177 0.707 0.684 ± 0.112 0.112 
Threonine DL   0.409 ± 0.693 0.514 8.383 ± 0.504 0.132 0.703 ± 0.050 0.701 7.003 ± 0.565 0.256 
Threonic acid   9.004 ± 0.416 0.398 0.277 ± 0.213 0.032 0.669 ± 0.310 0.491 0.839 ± 0.281 0.780 
Tyrosine DL   1.507 ± 0.252 0.413 1.255 ± 0.181 0.527 0.635 ± 0.069 0.254 0.663 ± 0.201 0.141 
Valine DL   1.418 ± 0.706 0.254 1.129 ± 0.417 0.806 0.928 ± 0.530 0.871 0.694 ± 0.388 0.619 
                 
SUGAR/SUGAR ALCOHOLS 
                
Dotriacontanol   0.898 ± 0.260 0.230 0.773 ± 0.337 0.624 0.842 ± 0.153 0.482 1.289 ± 0.136 0.226 
Erythritol  2.453 ± 0.258 0.968 0.305 ± 0.283 0.061 1.121 ± 0.403 0.871 1.423 ± 0.296 0.440 
Galactitol  0.824 ± 0.230 0.349 1.164 ± 0.205 0.664 0.776 ± 0.043 0.269 1.043 ± 0.186 0.871 
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Galactosylcerol   0.922 ± 0.131 0.999 0.751 ± 0.211 0.492 0.851 ± 0.090 0.261 0.830 ± 0.140 0.417 
                 
ORGANIC ACIDS 
                
2,3-Dimethylsuccinic acid   0.697 ± 0.336 0.807 1.724 ± 0.301 0.234 1.204 ± 0.185 0.574 1.129 ± 0.168 0.640 
2-Ketooctanoic acid   0.826 ± 0.452 0.186 0.772 ± 0.194 0.554 1.520 ± 0.830 0.721 1.205 ± 0.233 0.581 
4-Hydroxybenzoic acid,   1.375 ± 0.392 0.690 0.892 ± 0.275 0.741 0.473 ± 0.135 0.566 1.252 ± 0.471 0.755 
2,4-dihydroxybutanoic acid,   0.952 ± 0.302 0.955 0.199 ± 0.168 0.019 0.784 ± 0.274 0.271 1.192 ± 0.146 0.478 
2 -amino butyric acid,  0.863 ± 0.388 0.491 7.595 ± 0.623 0.213 0.692 ± 0.237 0.656 0.878 ± 0.245 0.789 
cis-Aconitic acid   1.508 ± 0.318 0.667 0.827 ± 0.418 0.778 1.081 ± 0.586 0.900 0.225 ± 0.544 0.126 
Citric acid   0.526 ± 0.230 0.871 2.066 ± 0.186 0.038 0.954 ± 0.063 0.751 0.905 ± 0.164 0.722 
Erythronic acid   0.973 ± 0.308 0.821 0.897 ± 0.257 0.781 0.647 ± 0.626 0.537 0.509 ± 0.436 0.133 
Fumaric acid   0.592 ± 0.547 0.140 52.641 ± 0.348 0.030 2.818 ± 0.359 0.189 1.589 ± 0.537 0.613 
GABA   0.640 ± 0.076 0.664 0.934 ± 0.236 0.857 4.800 ± 0.619 0.190 0.345 ± 0.148 0.230 
Galactonate  0.586 ± 0.520 0.391 4.087 ± 0.199 0.010 2.529 ± 0.268 0.066 2.490 ± 0.453 0.315 
Galactonic acid   0.941 ± 0.202 0.212 5.375 ± 0.225 0.011 0.573 ± 0.096 0.506 0.477 ± 0.216 0.198 
Galacturonate MX1  5.287 ± 0.298 0.569 11.565 ± 0.227 0.007 1.135 ± 0.167 0.756 1.103 ± 0.127 0.630 
Gluconate  1.469 ± 0.598 0.240 0.398 ± 0.323 0.139 0.186 ± 0.563 0.475 0.441 ± 0.518 0.169 
1,4-Gluconic acid   1.262 ± 0.189 0.326 0.460 ± 0.168 0.190 0.613 ± 0.278 0.519 0.801 ± 0.282 0.593 
Glucuronic acid    3.057 ± 0.183 0.468 2.023 ± 0.193 0.053 0.492 ± 0.307 0.264 0.873 ± 0.293 0.716 
Glutaric acid   0.393 ± 0.609 0.240 2.995 ± 0.609 0.320 0.540 ± 0.129 0.597 0.771 ± 0.405 0.690 
2-oxoglutaric acid,   1.981 ± 0.562 0.548 0.158 ± 0.486 0.273 0.096 ± 0.062 0.448 1.496 ± 0.711 0.718 
Glyceric acid-2-P   0.440 ± 0.180 0.164 2.532 ± 0.432 0.224 0.575 ± 0.219 0.399 3.274 ± 0.304 0.115 
Glyceric acid-3-P  0.524 ± 0.085 0.037 3.963 ± 0.286 0.041 2.166 ± 0.140 0.030 1.450 ± 0.153 0.218 
Gulonic acid   1.928 ± 0.370 0.373 0.664 ± 0.278 0.295 0.820 ± 0.324 0.628 0.511 ± 0.253 0.081 
Malic acid DL 0.406 ± 0.444 0.440 0.478 ± 0.313 0.577 2.286 ± 0.046 0.126 0.615 ± 0.611 0.501 
2-methyl Malic acid   0.912 ± 0.211 0.361 0.449 ± 0.587 0.286 1.055 ± 0.202 0.925 1.626 ± 0.198 0.301 
Malonic acid   1.218 ± 0.271 0.188 0.948 ± 0.087 0.864 0.676 ± 0.117 0.200 1.167 ± 0.042 0.378 
Oxalic acid   5.647 ± 0.397 0.705 0.883 ± 0.421 0.801 0.846 ± 0.162 0.689 1.183 ± 0.325 0.710 
Phosphoric acid monomethyl ester   1.010 ± 0.402 0.985 1.175 ± 0.333 0.812 0.407 ± 0.774 0.589 0.449 ± 0.566 0.214 
Pipecolic acid   1.244 ± 0.455 0.808 0.802 ± 0.398 0.716 0.319 ± 0.820 0.569 0.281 ± 0.649 0.147 
Quinic acid D   0.714 ± 0.359 0.200 17.621 ± 0.296 0.019 1.758 ± 0.099 0.029 1.942 ± 0.207 0.113 
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Salicylic acid   1.066 ± 0.229 0.402 0.328 ± 0.225 0.372 1.271 ± 0.237 0.353 0.385 ± 0.196 0.048 
Succinic acid   1.607 ± 0.196 0.412 1.131 ± 0.271 0.806 1.369 ± 0.216 0.202 0.604 ± 0.121 0.240 
Sulfuric acid   0.580 ± 0.521 0.582 2.856 ± 0.430 0.193 0.317 ± 0.198 0.494 0.854 ± 0.414 0.807 
                 
SUGAR/SUGARS PHOSPHATES 
                
1-Ketose  0.791 ± 0.460 0.766 1.318 ± 0.184 0.425 0.571 ± 0.019 0.312 0.769 ± 0.474 0.617 
Arabinose  0.808 ± 0.335 0.954 1.775 ± 0.223 0.280 0.692 ± 0.071 0.616 0.702 ± 0.300 0.286 
beta-Gentibiose  0.987 ± 0.434 0.461 1.161 ± 0.252 0.655 0.871 ± 0.111 0.740 0.931 ± 0.145 0.841 
Cellobiose MX1  0.707 ± 0.609 0.240 2.995 ± 0.609 0.320 0.540 ± 0.129 0.597 0.771 ± 0.405 0.690 
Cellobiose MX2 0.835 ± 0.263 0.465 0.539 ± 0.201 0.172 0.866 ± 0.296 0.782 1.195 ± 0.064 0.346 
Fructose 0.816 ± 0.200 0.764 1.053 ± 0.176 0.856 0.977 ± 0.043 0.878 0.994 ± 0.163 0.978 
Fructose-6-P  0.978 ± 0.396 0.615 9.651 ± 0.385 0.060 0.807 ± 0.015 0.726 0.781 ± 0.283 0.441 
Glucose MX1 1.499 ± 0.169 0.732 1.107 ± 0.138 0.601 0.848 ± 0.081 0.146 0.837 ± 0.085 0.481 
Glucose MX2 0.468 ± 0.091 0.763 0.870 ± 0.049 0.297 0.870 ± 0.064 0.636 1.138 ± 0.088 0.576 
Glyceric acid DL   0.316 ± 0.350 0.887 0.996 ± 0.251 0.990 0.761 ± 0.046 0.195 0.841 ± 0.265 0.611 
myo-Inositol-1-P 0.919 ± 0.452 0.936 3.133 ± 0.375 0.141 1.149 ± 0.501 0.831 1.393 ± 0.345 0.531 
Maltose  0.938 ± 0.046 0.319 1.430 ± 0.296 0.378 1.194 ± 0.529 0.768 0.332 ± 0.192 0.208 
Mannose-6-P MX2  0.673 ± 0.262 0.867 1.321 ± 0.160 0.315 0.847 ± 0.066 0.409 1.051 ± 0.165 0.853 
Melezitose  0.924 ± 0.212 0.450 1.086 ± 0.066 0.686 1.124 ± 0.164 0.616 1.028 ± 0.106 0.884 
Melibiose MX1  0.993 ± 0.141 0.186 6.594 ± 0.217 0.008 1.843 ± 0.306 0.145 1.642 ± 0.109 0.078 
Melibiose MX2  0.819 ± 0.468 0.179 3.117 ± 0.270 0.098 2.464 ± 0.184 0.233 0.209 ± 0.328 0.164 
myo-Inositol   0.754 ± 0.295 0.951 1.408 ± 0.594 0.653 1.197 ± 0.344 0.666 1.292 ± 0.155 0.363 
Rhamnose  1.084 ± 0.253 0.287 1.828 ± 0.225 0.098 0.719 ± 0.054 0.247 0.786 ± 0.247 0.525 
Ribitol  1.325 ± 0.489 0.083 21.019 ± 0.246 0.008 0.296 ± 0.190 0.486 0.315 ± 0.159 0.272 
Saccharic acid   1.075 ± 0.532 0.910 0.416 ± 0.156 0.283 1.027 ± 0.770 0.982 3.161 ± 0.449 0.257 
Sorbitol  0.524 ± 0.481 0.548 0.409 ± 0.914 0.355 0.413 ± 0.397 0.393 1.475 ± 0.411 0.544 
Sucrose  0.469 ± 0.439 0.515 3.831 ± 0.423 0.143 0.707 ± 0.076 0.705 0.762 ± 0.274 0.393 
Xylose MX2  0.522 ± 0.117 0.884 1.193 ± 0.139 0.308 0.941 ± 0.017 0.669 1.019 ± 0.068 0.908 
                 
FATTY ACIDS                 
Heptadecanoic acid, n   0.591 ± 0.436 0.825 0.950 ± 0.596 0.945 0.105 ± 0.138 0.388 0.673 ± 0.374 0.455 
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Hexdecanoic acid n   0.611 ± 0.429 0.427 1.153 ± 0.372 0.775 0.777 ± 0.657 0.772 0.478 ± 0.425 0.169 
Octacosanoic acid, n   0.996 ± 0.433 0.821 0.964 ± 0.351 0.942 0.524 ± 0.473 0.162 0.498 ± 0.525 0.170 
Octadecadienoic acid, 9,12-(Z,Z)-n   1.118 ± 0.259 0.941 1.113 ± 0.147 0.712 0.967 ± 0.025 0.806 1.100 ± 0.186 0.741 
Octadecanoic acid,n   0.813 ± 0.310 0.422 1.121 ± 0.017 0.754 0.728 ± 0.232 0.491 0.712 ± 0.093 0.025 
                 
STEROLS 
                
beta-Sitosterol   1.000 ± 0.228 0.425 0.508 ± 0.262 0.067 0.980 ± 0.146 0.944 0.709 ± 0.251 0.339 
Campesterol   0.970 ± 0.264 0.988 1.446 ± 0.164 0.145 1.185 ± 0.219 0.515 1.251 ± 0.189 0.415 
Cholesterol   1.440 ± 0.234 0.785 2.059 ± 0.311 0.198 0.787 ± 0.140 0.503 0.637 ± 0.199 0.118 
Lanosta-8,24-dien-3-beta-ol   1.154 ± 0.190 0.600 1.453 ± 0.160 0.212 1.125 ± 0.127 0.496 0.903 ± 0.090 0.656 
Stigmasterol   0.939 ± 0.473 0.096 1.333 ± 0.435 0.687 1.502 ± 0.101 0.690 0.603 ± 0.492 0.489 
                 
OTHER COMPOUNDS 
                
2-Monolinoleylglycerol  1.284 ± 0.841 0.968 4.358 ± 0.247 0.021 0.858 ± 0.373 0.610 1.014 ± 0.230 0.973 
4-Coumaric acid    1.097 ± 0.478 0.815 0.262 ± 0.106 0.368 0.637 ± 0.882 0.676 0.817 ± 0.531 0.789 
Adenosine   1.475 ± 0.211 0.777 1.210 ± 0.138 0.441 0.922 ± 0.177 0.803 1.159 ± 0.070 0.301 
Adenosine-5-monophosphate   0.204 ± 0.271 0.688 8.954 ± 0.352 0.046 1.094 ± 0.255 0.867 0.904 ± 0.138 0.574 
Allantoin   0.804 ± 0.285 0.671 0.965 ± 0.183 0.929 0.829 ± 0.089 0.623 1.166 ± 0.259 0.682 
Butyro-lactam   1.134 ± 0.015 0.265 1.967 ± 0.274 0.141 0.373 ± 0.431 0.464 0.581 ± 0.128 0.338 
Ethanolamine   0.733 ± 0.349 0.358 2.556 ± 0.313 0.103 1.313 ± 0.028 0.437 0.968 ± 0.093 0.926 
Glycerol-3-phosphate DL   1.598 ± 0.284 0.788 0.671 ± 0.316 0.311 0.805 ± 0.066 0.721 1.021 ± 0.132 0.956 
Guanine   0.993 ± 0.190 0.531 5.001 ± 0.302 0.039 0.830 ± 0.062 0.311 0.788 ± 0.110 0.439 
Guanoline   1.128 ± 0.107 0.813 0.606 ± 0.262 0.072 0.712 ± 0.011 0.635 1.058 ± 0.154 0.800 
Phosphoric acid   0.327 ± 0.218 0.352 0.395 ± 0.176 0.083 0.866 ± 0.205 0.629 1.071 ± 0.199 0.853 
Salicylaldehyde-beta-D-glucoside  1.129 ± 0.102 0.800 0.445 ± 0.181 0.501 1.392 ± 0.427 0.496 1.540 ± 0.774 0.739 
Threonic acid-1,4 lactone   0.974 ± 0.365 0.984 0.583 ± 0.152 0.326 0.675 ± 0.489 0.634 0.498 ± 0.278 0.050 
α-Tocopherol   0.800 ± 0.273 0.540 2.724 ± 0.308 0.114 0.943 ± 0.263 0.915 0.891 ± 0.161 0.581 
γ-Tocopherol   1.845 ± 0.206 0.191 1.796 ± 0.206 0.097 0.817 ± 0.074 0.472 0.853 ± 0.153 0.437 
Tryptamine,5-hydroxy   1.610 ± 0.348 0.733 1.464 ± 0.137 0.086 1.081 ± 0.449 0.880 1.211 ± 0.173 0.507 
Uridine   0.780 ± 0.387 0.616 1.987 ± 0.190 0.060 1.141 ± 0.035 0.827 0.575 ± 0.136 0.197 
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UNKNOWNS 
                
UN1_7.831_258  1.814 ± 0.445 0.406 1.789 ± 0.403 0.377 0.891 ± 0.049 0.726 1.043 ± 0.482 0.945 
UN10_17.275_307  1.731 ± 0.221 0.438 1.466 ± 0.170 0.160 0.802 ± 0.174 0.425 1.191 ± 0.097 0.379 
UN11_18.108_231  0.253 ± 0.200 0.312 0.812 ± 0.123 0.652 0.995 ± 0.118 0.973 0.528 ± 0.373 0.198 
UN12_18.792_276  1.405 ± 0.190 0.800 1.083 ± 0.102 0.862 0.340 ± 0.073 0.303 1.507 ± 0.563 0.649 
UN13_18.913_333  1.069 ± 0.465 0.087 64.642 ± 0.249 0.007 10.720 ± 0.156 0.005 10.593 ± 0.626 0.276 
UN14_19.530_276  5.886 ± 0.482 0.801 1.974 ± 0.295 0.224 0.313 ± 0.008 0.399 0.209 ± 0.249 0.087 
UN15_19.613_369  0.818 ± 0.480 0.850 0.320 ± 0.373 0.184 0.748 ± 0.569 0.696 0.607 ± 0.346 0.185 
Un16_19.830_361  1.102 ± 0.313 0.494 0.612 ± 0.329 0.272 2.176 ± 0.761 0.476 0.189 ± 0.500 0.062 
UN17_20.219_305  0.613 ± 0.191 0.409 0.710 ± 0.137 0.398 1.181 ± 0.300 0.646 0.554 ± 0.136 0.100 
UN18_20.352_333  0.663 ± 0.429 0.041 23.857 ± 0.226 0.005 47.466 ± 0.142 0.003 32.005 ± 0.341 0.062 
UN19_20.607_382  46.386 ± 0.049 0.491 1.173 ± 0.075 0.248 0.941 ± 0.067 0.902 1.169 ± 0.097 0.459 
UN2_7.955_258  1.263 ± 0.478 0.905 0.595 ± 0.253 0.251 1.614 ± 0.557 0.548 1.465 ± 0.154 0.165 
UN20*_21.863_332  1.073 ± 0.295 0.748 0.528 ± 0.337 0.073 0.158 ± 0.554 0.340 0.533 ± 0.305 0.094 
UN21_22.185_379  1.170 ± 0.342 0.906 0.536 ± 0.252 0.215 0.586 ± 0.434 0.587 0.553 ± 0.395 0.157 
UN22_21.296_361  0.958 ± 0.461 0.295 0.183 ± 0.320 0.020 1.159 ± 0.411 0.743 1.346 ± 0.190 0.345 
UN23_22.585_447  1.863 ± 0.370 0.694 1.761 ± 0.156 0.042 0.898 ± 0.280 0.884 1.274 ± 0.253 0.509 
UN24_22.826_371  1.165 ± 0.432 0.981 0.523 ± 0.179 0.069 1.053 ± 0.022 0.944 11.453 ± 0.087 0.000 
UN25_23.429_477  0.962 ± 0.484 0.416 0.891 ± 0.258 0.850 0.601 ± 0.211 0.471 4.387 ± 0.581 0.313 
UN26_23.647_318  1.015 ± 0.304 0.698 1.159 ± 0.194 0.511 0.801 ± 0.178 0.528 1.115 ± 0.103 0.478 
UN27_24.080_389  0.769 ± 0.204 0.568 1.392 ± 0.047 0.023 0.860 ± 0.148 0.560 0.870 ± 0.198 0.651 
UN28_24.174_392  0.740 ± 0.361 0.765 0.786 ± 0.237 0.517 0.428 ± 0.175 0.389 0.712 ± 0.320 0.375 
UN29_24.274_444  0.895 ± 0.244 0.830 1.181 ± 0.245 0.588 1.115 ± 0.247 0.614 1.181 ± 0.034 0.222 
UN3_10.112_248  1.080 ± 0.353 0.681 0.748 ± 0.254 0.453 0.431 ± 0.170 0.415 0.603 ± 0.358 0.221 
UN30_24.351_436  0.859 ± 0.251 0.896 0.856 ± 0.146 0.687 1.074 ± 0.182 0.686 1.364 ± 0.204 0.374 
UN31_25.007_348  1.059 ± 0.327 0.268 2.285 ± 0.324 0.184 1.637 ± 0.394 0.325 1.991 ± 0.194 0.096 
UN32_25.118_357  1.771 ± 0.293 0.704 0.947 ± 0.252 0.889 1.219 ± 0.179 0.359 1.335 ± 0.263 0.523 
UN33_25.362_342  1.174 ± 0.108 0.311 3.801 ± 0.077 0.000 2.363 ± 0.686 0.361 1.981 ± 0.564 0.495 
UN34_25.418_383  0.275 ± 0.230 0.875 0.718 ± 0.551 0.671 0.927 ± 0.837 0.939 0.423 ± 0.594 0.124 
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UN35_25.639_383  0.926 ± 0.404 0.766 0.803 ± 0.233 0.712 0.929 ± 0.858 0.941 0.048 ± 0.268 0.025 
UN36_25.811_315  0.713 ± 0.259 0.839 1.370 ± 0.051 0.012 0.959 ± 0.224 0.887 1.133 ± 0.095 0.397 
UN37_26.107_319  1.067 ± 0.231 0.704 1.268 ± 0.061 0.075 0.898 ± 0.067 0.526 1.185 ± 0.135 0.416 
UN38_26.229_385  0.884 ± 0.586 0.953 0.982 ± 0.768 0.988 0.582 ± 0.929 0.443 0.039 ± 0.167 0.000 
UN39_26.340_387  0.951 ± 0.243 0.915 0.602 ± 0.265 0.096 1.011 ± 0.320 0.978 1.018 ± 0.108 0.945 
UN4_14.465_234  0.959 ± 0.464 0.996 0.565 ± 0.061 0.067 0.782 ± 0.150 0.727 0.466 ± 0.457 0.151 
UN40_27.084_331  0.996 ± 0.372 0.805 0.818 ± 0.156 0.315 0.830 ± 0.064 0.695 0.844 ± 0.104 0.502 
UN41_27.284_375  0.892 ± 0.245 0.007 0.777 ± 0.142 0.508 0.644 ± 0.080 0.429 1.747 ± 0.367 0.373 
UN42_28.162_387  0.430 ± 0.481 0.685 1.500 ± 0.311 0.413 0.318 ± 0.194 0.509 0.687 ± 0.461 0.535 
UN43_28.225_369  1.246 ± 0.165 0.406 1.234 ± 0.113 0.278 0.677 ± 0.205 0.224 1.074 ± 0.200 0.794 
UN44_28.562_361  1.276 ± 0.209 0.875 0.796 ± 0.166 0.481 0.763 ± 0.289 0.494 1.347 ± 0.217 0.401 
UN45_28.695_361  0.921 ± 0.345 0.633 0.911 ± 0.140 0.590 0.753 ± 0.230 0.469 1.054 ± 0.145 0.823 
UN46_28.784_451  1.249 ± 0.382 0.766 0.109 ± 0.308 0.048 0.681 ± 0.293 0.240 1.131 ± 0.203 0.693 
UN47_29.249_375  0.865 ± 0.476 0.816 0.263 ± 0.109 0.366 0.636 ± 0.883 0.675 0.815 ± 0.530 0.786 
UN48_29.762_375  1.193 ± 0.126 0.257 0.805 ± 0.347 0.620 1.453 ± 0.011 0.353 0.444 ± 0.235 0.233 
UN49_30.495_361  0.369 ± 0.123 0.114 1.215 ± 0.144 0.579 1.119 ± 0.299 0.811 2.238 ± 0.481 0.377 
UN5_14.986_233  1.622 ± 0.216 0.422 1.267 ± 0.317 0.562 1.038 ± 0.324 0.916 1.291 ± 0.118 0.200 
UN50_30.651_450  1.244 ± 0.285 0.540 0.608 ± 0.171 0.050 0.708 ± 0.011 0.612 1.077 ± 0.159 0.765 
UN51_31.295_355  0.787 ± 0.148 0.412 0.660 ± 0.157 0.117 0.929 ± 0.418 0.907 1.234 ± 0.331 0.655 
UN52_31.428_397  0.446 ± 0.245 0.125 1.139 ± 0.113 0.544 0.824 ± 0.028 0.633 1.075 ± 0.229 0.810 
UN53_31.606_333  1.615 ± 0.392 0.354 1.893 ± 0.271 0.219 1.730 ± 0.347 0.295 2.079 ± 0.191 0.076 
UN54_31.817_461  1.670 ± 0.356 0.781 0.633 ± 0.226 0.314 0.894 ± 0.458 0.833 0.927 ± 0.297 0.846 
UN55_31.117_450  0.829 ± 0.204 0.583 0.727 ± 0.273 0.561 0.883 ± 0.127 0.763 1.396 ± 0.188 0.266 
UN556_32.573_267  1.267 ± 0.251 0.625 0.901 ± 0.102 0.726 1.011 ± 0.453 0.979 1.485 ± 0.231 0.316 
UN57_32.684_443  1.253 ± 0.369 0.541 1.488 ± 0.128 0.205 1.502 ± 0.571 0.503 2.024 ± 0.415 0.359 
UN58_32.839_281  0.571 ± 0.265 0.275 0.752 ± 0.283 0.616 1.114 ± 0.193 0.620 1.519 ± 0.151 0.164 
UN59_33.861_373  1.610 ± 0.140 0.297 0.176 ± 0.349 0.003 0.656 ± 0.067 0.162 0.966 ± 0.280 0.921 
UN6_15.708_334  1.506 ± 0.468 0.398 0.221 ± 0.881 0.175 0.658 ± 0.867 0.798 0.216 ± 0.187 0.298 
UN60_33.917_327  0.561 ± 0.277 0.196 1.197 ± 0.370 0.697 2.224 ± 0.596 0.378 0.263 ± 0.470 0.056 
UN61_34.139_371  0.371 ± 0.210 0.232 1.118 ± 0.377 0.830 0.795 ± 0.026 0.418 1.064 ± 0.234 0.846 
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UN62_34.350_425  1.328 ± 0.232 0.093 4.064 ± 0.524 0.205 0.448 ± 0.017 0.560 0.919 ± 0.375 0.857 
UN63_34.695_440  0.365 ± 0.513 0.910 3.337 ± 0.697 0.358 2.398 ± 0.121 0.227 0.198 ± 0.195 0.313 
UN64_35.250_408  0.932 ± 0.216 0.103 45.526 ± 0.298 0.017 2.363 ± 0.068 0.005 1.963 ± 0.213 0.130 
UN7_16.341_334  1.771 ± 0.243 0.771 1.053 ± 0.176 0.847 0.829 ± 0.042 0.520 1.103 ± 0.035 0.580 
UN8_16.697_347  1.087 ± 0.042 0.161 5.651 ± 0.220 0.011 1.218 ± 0.292 0.666 1.571 ± 0.278 0.323 
UN9_16.786_284  0.572 ± 0.223 0.612 1.277 ± 0.113 0.244 0.844 ± 0.070 0.476 0.958 ± 0.231 0.892 
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Table S3.3 Compounds and fold change identified from the GC-MS based metabolite profile in the glufosinate-treated samples. Significantly 
different metabolites (p < 0.05) between HR buffalo grasses (93-1A, 93-2B, 93-3C and 93-5A) and its parental lines (WT 9-1B) were calculated 
based on student‘s t-test (t-test) for each metabolite and then highlighted in green. NB: SEM = standard error of the mean and x-fold = fold 
change of the relative concentrations of metabolites observed in each HR buffalo grasses as compared its parental line.  
 
Cultivars WT 9-1B Glufosinate 93-1A 93-2B 93-3C 93-5A 
 x-fold  SEM x-fold  SEM t-test x-fold  SEM t-test x-fold  SEM t-test x-fold  SEM t-test 
AMINO ACIDS                    
Alanine DL   1.000 ± 0.503 0.561 ± 0.526 0.493 0.063 ± 0.216 0.077 0.204 ± 0.280 0.309 0.516 ± 0.615 0.376 
Asparagine DL   1.000 ± 0.068 0.564 ± 0.693 0.334 1.889 ± 0.504 0.467 0.104 ± 0.050 0.002 1.006 ± 0.799 0.993 
Aspartic acid DL   1.000 ± 0.162 1.391 ± 0.416 0.550 0.598 ± 0.213 0.105 2.226 ± 0.310 0.114 2.494 ± 0.398 0.136 
beta-Alanine   1.000 ± 0.152 0.805 ± 0.706 0.757 1.004 ± 0.417 0.994 0.781 ± 0.530 0.591 0.922 ± 0.548 0.867 
Glutamic acid DL   1.000 ± 0.306 1.216 ± 0.609 0.801 2.286 ± 0.609 0.475 1.046 ± 0.129 0.917 1.350 ± 0.573 0.637 
Glutamine DL   1.000 ± 0.271 15.815 ± 0.562 0.171 2.436 ± 0.486 0.358 4.373 ± 0.062 0.004 40.993 ± 1.005 0.298 
Glycine   1.000 ± 0.291 3.124 ± 0.397 0.171 1.600 ± 0.421 0.504 1.753 ± 0.162 0.179 3.116 ± 0.460 0.144 
Homoserine DL   1.000 ± 0.459 0.154 ± 0.521 0.144 0.638 ± 0.430 0.504 0.145 ± 0.198 0.245 0.214 ± 0.586 0.106 
Isoleucine DL   1.000 ± 0.236 0.135 ± 0.271 0.022 0.943 ± 0.352 0.901 0.105 ± 0.255 0.061 0.089 ± 0.196 0.006 
Lysine DL   1.000 ± 0.293 0.566 ± 0.015 0.213 1.824 ± 0.274 0.254 0.503 ± 0.431 0.313 0.764 ± 0.182 0.423 
Phenylalanine DL   1.000 ± 0.367 0.110 ± 0.396 0.073 0.976 ± 0.385 0.967 0.067 ± 0.015 0.143 0.069 ± 0.400 0.029 
Proline DL   1.000 ± 0.106 0.518 ± 0.335 0.076 0.807 ± 0.223 0.441 0.332 ± 0.071 0.017 0.384 ± 0.424 0.013 
Putrescine   1.000 ± 0.233 1.116 ± 0.434 0.840 1.219 ± 0.252 0.617 0.660 ± 0.111 0.347 0.863 ± 0.206 0.601 
Pyroglutamic acid DL   1.000 ± 0.306 1.216 ± 0.609 0.801 2.286 ± 0.609 0.475 1.046 ± 0.129 0.917 1.350 ± 0.573 0.637 
Serine DL   1.000 ± 0.191 0.344 ± 0.452 0.056 0.949 ± 0.375 0.914 0.300 ± 0.501 0.082 0.538 ± 0.488 0.149 
Threonine DL   1.000 ± 0.162 0.631 ± 0.253 0.180 1.062 ± 0.225 0.851 0.478 ± 0.054 0.089 0.458 ± 0.349 0.036 
Threonic acid   1.000 ± 0.461 0.493 ± 0.489 0.385 1.120 ± 0.246 0.822 0.056 ± 0.190 0.211 0.049 ± 0.224 0.057 
Tyrosine DL   1.000 ± 0.401 0.383 ± 0.439 0.229 1.070 ± 0.423 0.917 0.194 ± 0.076 0.218 0.223 ± 0.387 0.073 
Valine DL   1.000 ± 0.199 0.251 ± 0.273 0.024 0.519 ± 0.308 0.115 0.198 ± 0.263 0.054 0.184 ± 0.228 0.005 
                    
ALCOHOLS                    
Dotriacontanol   1.000 ± 0.399 0.701 ± 0.336 0.554 1.343 ± 0.301 0.582 0.930 ± 0.185 0.903 0.845 ± 0.237 0.696 
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Erythritol  1.000 ± 0.128 2.613 ± 0.452 0.246 1.526 ± 0.194 0.210 2.644 ± 0.830 0.391 0.828 ± 0.330 0.526 
Galactitol  1.000 ± 0.030 0.828 ± 0.076 0.069 0.983 ± 0.236 0.954 2.534 ± 0.619 0.281 0.575 ± 0.209 0.009 
Galactosylcerol   1.000 ± 0.185 1.114 ± 0.308 0.784 1.049 ± 0.257 0.896 0.662 ± 0.626 0.450 0.640 ± 0.617 0.369 
                    
ORGANIC ACIDS                    
2,3-Dimethylsuccinic acid   1.000 ± 0.203 0.728 ± 0.552 0.579 0.880 ± 0.194 0.669 0.414 ± 0.126 0.114 0.883 ± 0.400 0.746 
2-Ketooctanoic acid   1.000 ± 0.115 0.189 ± 0.752 0.011 0.388 ± 0.715 0.134 0.041 ± 0.312 0.008 0.043 ± 0.118 0.000 
Benzoic acid, 4-hydroxy   1.000 ± 0.199 0.440 ± 0.252 0.070 0.584 ± 0.181 0.102 0.190 ± 0.069 0.051 0.340 ± 0.284 0.016 
2,4-dihydroxybutanoic acid   1.000 ± 0.224 0.489 ± 0.841 0.336 0.503 ± 0.247 0.092 0.080 ± 0.373 0.050 0.063 ± 0.325 0.004 
2–amino butyric acid 1.000 ± 0.275 0.667 ± 0.436 0.453 1.039 ± 0.596 0.962 0.557 ± 0.138 0.305 0.712 ± 0.529 0.494 
cis-Aconitic acid   1.000 ± 0.180 0.089 ± 0.223 0.007 0.544 ± 0.273 0.106 0.093 ± 0.010 0.030 0.093 ± 0.308 0.002 
Citric acid   1.000 ± 0.199 0.854 ± 0.331 0.695 1.081 ± 0.274 0.844 0.655 ± 0.119 0.281 0.666 ± 0.129 0.125 
Erythronic acid   1.000 ± 0.121 0.447 ± 0.183 0.019 0.881 ± 0.184 0.606 0.475 ± 0.184 0.053 0.526 ± 0.138 0.010 
Fumaric acid   1.000 ± 0.360 0.197 ± 0.388 0.095 1.288 ± 0.623 0.784 0.162 ± 0.237 0.170 0.210 ± 0.346 0.050 
GABA   1.000 ± 0.066 0.893 ± 0.429 0.797 1.173 ± 0.372 0.752 0.933 ± 0.657 0.894 0.708 ± 0.601 0.455 
Galactonate  1.000 ± 0.518 1.107 ± 0.318 0.872 1.277 ± 0.418 0.733 0.708 ± 0.586 0.718 0.784 ± 0.769 0.758 
Galactonic acid   1.000 ± 0.138 0.797 ± 0.230 0.427 1.329 ± 0.186 0.345 0.541 ± 0.063 0.085 0.615 ± 0.233 0.069 
Gluconate  1.000 ± 0.132 0.287 ± 0.202 0.008 1.168 ± 0.225 0.632 0.175 ± 0.096 0.017 0.214 ± 0.305 0.001 
1,4-Gluconic acid  1.000 ± 0.282 0.116 ± 0.298 0.036 0.848 ± 0.227 0.663 0.073 ± 0.167 0.084 0.072 ± 0.180 0.011 
Glucuronic acid D   1.000 ± 0.639 2.177 ± 0.598 0.462 0.542 ± 0.323 0.460 0.277 ± 0.563 0.449 0.285 ± 0.733 0.259 
Glutaric acid DL   1.000 ± 0.180 0.280 ± 0.180 0.018 1.565 ± 0.432 0.518 0.271 ± 0.219 0.054 0.596 ± 0.430 0.184 
2-oxoglutaric acid  1.000 ± 0.377 0.504 ± 0.085 0.262 1.183 ± 0.286 0.734 0.510 ± 0.140 0.391 0.453 ± 0.216 0.154 
Glyceric acid-2-P 1.000 ± 0.492 1.305 ± 0.444 0.708 1.423 ± 0.313 0.554 1.530 ± 0.046 0.467 0.697 ± 0.864 0.661 
Glyceric acid-3-P 1.000 ± 0.148 1.886 ± 0.211 0.105 1.918 ± 0.587 0.524 5.270 ± 0.202 0.014 6.288 ± 0.280 0.016 
Gulonic acid   1.000 ± 0.413 0.123 ± 0.359 0.102 1.005 ± 0.296 0.992 0.097 ± 0.099 0.189 0.091 ± 0.292 0.047 
Malic acid DL 1.000 ± 0.161 0.590 ± 0.349 0.192 1.039 ± 0.313 0.927 0.534 ± 0.028 0.111 0.535 ± 0.131 0.025 
2-methyl Malic acid  1.000 ± 0.078 1.264 ± 0.284 0.513 0.743 ± 0.316 0.408 0.772 ± 0.066 0.125 1.162 ± 0.186 0.439 
Malonic acid   1.000 ± 0.331 0.251 ± 0.190 0.089 0.729 ± 0.302 0.507 0.144 ± 0.062 0.139 0.141 ± 0.156 0.027 
Oxalic acid   1.000 ± 0.465 1.032 ± 0.473 0.964 0.900 ± 0.435 0.875 1.298 ± 0.101 0.658 0.697 ± 0.696 0.613 
Phosphoric acid monomethyl ester   1.000 ± 0.116 1.057 ± 0.064 0.692 0.979 ± 0.112 0.904 0.793 ± 0.055 0.269 0.853 ± 0.154 0.361 
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Pipecolic acid   1.000 ± 0.302 0.605 ± 0.460 0.391 0.626 ± 0.184 0.249 0.265 ± 0.019 0.156 0.560 ± 0.670 0.325 
Quinic acid D   1.000 ± 0.296 2.171 ± 0.263 0.142 1.927 ± 0.201 0.136 2.523 ± 0.296 0.109 2.641 ± 0.090 0.004 
Salicylic acid   1.000 ± 0.276 0.952 ± 0.350 0.918 0.926 ± 0.251 0.846 0.898 ± 0.046 0.794 0.910 ± 0.374 0.816 
Sucrose  1.000 ± 0.173 1.342 ± 0.212 0.362 1.516 ± 0.066 0.040 1.270 ± 0.164 0.394 1.225 ± 0.150 0.336 
Sulfuric acid   1.000 ± 0.701 0.890 ± 0.468 0.900 3.317 ± 0.270 0.114 1.239 ± 0.184 0.812 0.323 ± 0.463 0.310 
                    
SUGARS/SUGARPHOSPHATES                    
Fructose-6-P  1.000 ± 0.303 20.911 ± 0.302 0.035 3.281 ± 0.168 0.023 14.463 ± 0.274 0.020 18.752 ± 0.207 0.003 
1-Ketose  1.000 ± 0.168 2.708 ± 0.275 0.089 1.653 ± 0.424 0.473 3.293 ± 0.253 0.040 3.313 ± 0.324 0.052 
Arabinose  1.000 ± 0.181 1.638 ± 0.200 0.164 1.944 ± 0.162 0.066 1.186 ± 0.177 0.555 1.191 ± 0.159 0.424 
beta-Gentibiose  1.000 ± 0.143 1.813 ± 0.258 0.172 1.685 ± 0.283 0.288 2.424 ± 0.403 0.154 1.462 ± 0.418 0.420 
Cellobiose MX1  1.000 ± 0.374 0.890 ± 0.310 0.825 1.423 ± 0.017 0.236 0.791 ± 0.232 0.705 0.788 ± 0.132 0.543 
Cellobiose MX2 1.000 ± 0.214 1.401 ± 0.253 0.388 1.675 ± 0.171 0.138 1.573 ± 0.008 0.130 1.581 ± 0.223 0.153 
Fructose MX1 1.000 ± 0.188 5.602 ± 0.561 0.217 3.225 ± 0.319 0.129 1.604 ± 0.660 0.517 1.524 ± 0.561 0.506 
Galacturonate MX1  1.000 ± 0.233 0.081 ± 0.547 0.018 0.936 ± 0.348 0.887 0.027 ± 0.359 0.048 0.042 ± 0.760 0.005 
GlucoseMX1 1.000 ± 0.498 2.788 ± 0.189 0.069 0.878 ± 0.168 0.798 0.975 ± 0.278 0.972 1.123 ± 0.398 0.834 
GlucoseMX2 1.000 ± 0.470 1.151 ± 0.183 0.784 1.517 ± 0.193 0.369 0.361 ± 0.307 0.373 0.812 ± 0.415 0.713 
Glyceric acid DL   1.000 ± 0.368 2.383 ± 0.370 0.221 1.564 ± 0.278 0.390 1.813 ± 0.324 0.297 1.803 ± 0.357 0.252 
myo-Inositol-1-P 1.000 ± 0.095 0.915 ± 0.211 0.713 1.082 ± 0.138 0.689 0.927 ± 0.177 0.701 0.952 ± 0.099 0.683 
Maltose  1.000 ± 0.239 1.754 ± 0.107 0.068 1.909 ± 0.262 0.205 1.830 ± 0.011 0.075 1.791 ± 0.218 0.093 
Mannose-6-P MX2  1.000 ± 0.107 3.169 ± 0.218 0.036 1.737 ± 0.176 0.105 4.745 ± 0.205 0.015 4.887 ± 0.282 0.020 
Melezitose  1.000 ± 0.223 0.459 ± 0.102 0.076 1.117 ± 0.181 0.715 0.855 ± 0.427 0.739 2.986 ± 1.094 0.501 
Melibiose MX1  1.000 ± 0.157 2.673 ± 0.365 0.165 1.974 ± 0.152 0.050 1.446 ± 0.489 0.487 1.719 ± 0.393 0.271 
Melibiose MX2  1.000 ± 0.165 0.741 ± 0.348 0.445 1.729 ± 0.137 0.067 0.870 ± 0.449 0.742 0.824 ± 0.244 0.455 
myo-Inositol   1.000 ± 0.134 1.480 ± 0.228 0.256 0.981 ± 0.262 0.955 1.409 ± 0.146 0.175 1.102 ± 0.354 0.781 
Rhamnose  1.000 ± 0.057 1.371 ± 0.200 0.255 1.374 ± 0.176 0.254 0.702 ± 0.043 0.030 1.029 ± 0.230 0.893 
Ribitol  1.000 ± 0.091 0.623 ± 0.230 0.091 0.615 ± 0.205 0.070 0.321 ± 0.043 0.010 0.553 ± 0.263 0.026 
Saccharic acid   1.000 ± 0.354 0.958 ± 0.169 0.919 0.783 ± 0.138 0.531 0.589 ± 0.081 0.436 0.501 ± 0.120 0.158 
Sorbitol  1.000 ± 0.309 0.808 ± 0.046 0.571 1.180 ± 0.296 0.726 0.677 ± 0.529 0.549 0.625 ± 0.271 0.259 
Succinic acid   1.000 ± 0.259 0.178 ± 0.141 0.034 0.787 ± 0.217 0.503 0.208 ± 0.306 0.101 0.192 ± 0.155 0.014 
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Xylose MX2  1.000 ± 0.300 1.999 ± 0.206 0.121 4.449 ± 0.206 0.027 1.480 ± 0.074 0.311 1.511 ± 0.216 0.227 
                    
FATTY ACIDS                    
Heptadecanoic acid, n   1.000 ± 0.194 0.761 ± 0.229 0.411 1.234 ± 0.225 0.551 1.044 ± 0.237 0.896 0.542 ± 0.277 0.075 
Hexdecanoic acid, n   1.000 ± 0.146 0.932 ± 0.196 0.785 1.312 ± 0.271 0.508 1.370 ± 0.216 0.292 0.730 ± 0.171 0.154 
Octacosanoic acid, n   1.000 ± 0.370 0.609 ± 0.264 0.387 1.218 ± 0.164 0.600 0.967 ± 0.219 0.952 0.849 ± 0.267 0.694 
Octadecadienoic acid, 9,12-(Z,Z)-n   1.000 ± 0.267 1.521 ± 0.234 0.306 2.188 ± 0.311 0.214 1.264 ± 0.140 0.526 0.727 ± 0.282 0.378 
Octadecanoic acid, n   1.000 ± 0.204 0.726 ± 0.190 0.328 1.203 ± 0.160 0.507 0.871 ± 0.127 0.671 0.683 ± 0.127 0.148 
                    
STEROLS                     
beta-Sitosterol   1.000 ± 0.248 1.234 ± 0.131 0.473 0.912 ± 0.211 0.787 1.077 ± 0.090 0.829 1.197 ± 0.198 0.523 
Campesterol   1.000 ± 0.282 1.238 ± 0.259 0.608 1.226 ± 0.147 0.510 1.196 ± 0.025 0.630 1.317 ± 0.262 0.435 
Cholesterol   1.000 ± 0.167 2.620 ± 0.715 0.438 0.950 ± 0.223 0.869 1.062 ± 0.023 0.792 0.926 ± 0.294 0.794 
Lanosta-8,24-dien-3-beta-ol   1.000 ± 0.316 1.252 ± 0.285 0.625 1.237 ± 0.183 0.556 1.395 ± 0.089 0.414 1.495 ± 0.367 0.393 
Stigmasterol   1.000 ± 0.312 0.859 ± 0.262 0.733 1.199 ± 0.160 0.589 0.790 ± 0.066 0.640 1.014 ± 0.233 0.968 
                    
OTHER COMPOUNDS                     
2-Monolinoleylglycerol 1.000 ± 0.287 0.662 ± 0.387 0.429 1.271 ± 0.190 0.500 0.656 ± 0.035 0.422 0.301 ± 0.193 0.036 
4-Coumaric acid    1.000 ± 0.053 1.191 ± 0.532 0.778 0.674 ± 0.156 0.056 1.261 ± 0.770 0.743 1.151 ± 0.635 0.815 
5-hydroxytryptamine   1.000 ± 0.701 10.411 ± 0.481 0.136 1.547 ± 0.914 0.770 4.132 ± 0.397 0.132 14.354 ± 0.581 0.115 
Adenosine   1.000 ± 0.554 2.041 ± 0.043 0.137 0.529 ± 0.164 0.367 1.741 ± 0.019 0.377 2.118 ± 0.133 0.084 
Adenosine-5-monophosphate   1.000 ± 0.300 1.773 ± 0.135 0.114 1.113 ± 0.186 0.759 2.300 ± 0.401 0.198 2.690 ± 0.616 0.284 
Allantoin   1.000 ± 0.174 42.664 ± 0.654 0.209 7.883 ± 0.930 0.464 4.665 ± 0.360 0.064 34.031 ± 0.497 0.067 
Butyro-lactam   1.000 ± 0.310 1.437 ± 0.433 0.564 1.176 ± 0.351 0.764 0.992 ± 0.473 0.989 0.830 ± 0.743 0.780 
Ethanolamine   1.000 ± 0.581 0.671 ± 0.392 0.633 1.077 ± 0.275 0.903 1.575 ± 0.135 0.507 0.853 ± 0.666 0.837 
Glycerol-3-P   1.000 ± 0.098 1.172 ± 0.271 0.631 0.864 ± 0.087 0.313 0.602 ± 0.117 0.062 0.955 ± 0.059 0.656 
Guanine   1.000 ± 0.544 0.446 ± 0.402 0.388 1.200 ± 0.333 0.773 0.436 ± 0.774 0.504 0.223 ± 0.801 0.166 
Guanosine   1.000 ± 0.449 1.125 ± 0.455 0.863 1.385 ± 0.398 0.631 0.690 ± 0.820 0.695 0.475 ± 0.918 0.363 
Phosphoric acid   1.000 ± 0.270 1.215 ± 0.269 0.638 1.386 ± 0.231 0.422 0.842 ± 0.384 0.733 0.773 ± 0.371 0.521 
Salicylaldehyde-beta-D-glucoside  1.000 ± 0.093 1.090 ± 0.091 0.544 1.012 ± 0.049 0.904 0.885 ± 0.064 0.432 1.131 ± 0.124 0.397 
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α-Tocopherol   1.000 ± 0.382 0.790 ± 0.422 0.699 1.151 ± 0.146 0.706 1.121 ± 0.271 0.838 0.940 ± 0.290 0.884 
γ-Tocopherol   1.000 ± 0.480 0.296 ± 0.520 0.235 1.433 ± 0.199 0.446 0.392 ± 0.268 0.402 0.286 ± 0.641 0.158 
Threonic acid-1,4 lactone   1.000 ± 0.548 1.055 ± 0.295 0.935 1.825 ± 0.594 0.571 1.137 ± 0.344 0.869 1.180 ± 0.220 0.737 
Uridine   1.000 ± 0.413 0.375 ± 0.388 0.227 1.569 ± 0.412 0.528 0.278 ± 0.512 0.276 0.224 ± 0.493 0.082 
                    
UNKNOWNS                    
UN1_7.831_258  1.000 ± 0.068 2.225 ± 0.484 0.320 1.706 ± 0.258 0.235 1.101 ± 0.211 0.637 4.003 ± 0.822 0.325 
UN10_17.275_307  1.000 ± 0.373 0.796 ± 0.445 0.711 0.773 ± 0.403 0.658 0.406 ± 0.049 0.305 0.688 ± 0.682 0.561 
UN11_18.108_231  1.000 ± 0.302 0.492 ± 0.221 0.188 0.638 ± 0.170 0.258 0.300 ± 0.174 0.172 0.535 ± 0.137 0.133 
UN12_18.792_276  1.000 ± 0.193 3.367 ± 0.200 0.028 1.122 ± 0.123 0.618 0.971 ± 0.118 0.920 1.371 ± 0.528 0.579 
UN13_18.913_333  1.000 ± 0.194 0.222 ± 0.190 0.017 1.004 ± 0.102 0.984 0.218 ± 0.073 0.052 0.568 ± 0.796 0.342 
UN14_19.530_276  1.000 ± 0.012 0.097 ± 0.465 0.000 1.632 ± 0.249 0.245 0.181 ± 0.156 0.000 0.130 ± 0.885 0.000 
UN15_19.613_369  1.000 ± 0.342 0.217 ± 0.482 0.094 1.488 ± 0.295 0.448 0.120 ± 0.008 0.140 0.209 ± 0.352 0.043 
UN16_19.830_361  1.000 ± 0.290 2.592 ± 0.480 0.280 0.647 ± 0.373 0.389 1.133 ± 0.569 0.841 1.604 ± 0.490 0.428 
UN17_20.219_305  1.000 ± 0.013 2.271 ± 0.313 0.148 2.647 ± 0.329 0.171 3.348 ± 0.761 0.304 1.707 ± 0.708 0.515 
UN18_20.352_333  1.000 ± 0.200 1.200 ± 0.191 0.547 1.232 ± 0.137 0.414 0.978 ± 0.300 0.952 0.893 ± 0.193 0.649 
UN19_20.607_382  1.000 ± 0.085 1.076 ± 0.429 0.879 0.669 ± 0.226 0.146 0.625 ± 0.142 0.061 0.732 ± 0.482 0.417 
UN2_7.955_258  1.000 ± 0.157 0.932 ± 0.049 0.700 1.081 ± 0.075 0.640 0.979 ± 0.067 0.925 1.011 ± 0.137 0.954 
UN20*_21.863_332  1.000 ± 0.439 3.359 ± 0.478 0.229 2.042 ± 0.253 0.204 4.037 ± 0.557 0.184 2.015 ± 0.218 0.108 
UN21_22.185_379  1.000 ± 0.069 1.817 ± 0.295 0.205 0.654 ± 0.337 0.251 0.133 ± 0.554 0.004 1.033 ± 0.431 0.935 
UN22_21.296_361  1.000 ± 0.116 2.159 ± 0.342 0.196 1.082 ± 0.252 0.817 0.988 ± 0.434 0.975 1.189 ± 0.559 0.751 
UN23_22.585_447  1.000 ± 0.196 7.897 ± 0.461 0.131 0.915 ± 0.320 0.833 7.897 ± 0.411 0.066 4.909 ± 0.269 0.017 
UN25_23.429_477  1.000 ± 0.109 0.862 ± 0.117 0.405 0.922 ± 0.139 0.675 0.771 ± 0.017 0.202 0.803 ± 0.096 0.137 
UN24_22.826_371  1.000 ± 0.161 0.886 ± 0.370 0.771 1.938 ± 0.156 0.058 2.208 ± 0.280 0.096 0.953 ± 0.358 0.887 
UN26_23.647_318  1.000 ± 0.254 1.142 ± 0.432 0.811 0.866 ± 0.179 0.653 0.854 ± 0.022 0.688 0.900 ± 0.123 0.686 
UN27_24.080_389  1.000 ± 0.042 0.549 ± 0.304 0.059 0.968 ± 0.194 0.894 0.840 ± 0.178 0.288 0.657 ± 0.146 0.011 
UN28_24.174_392  1.000 ± 0.086 0.953 ± 0.204 0.835 1.829 ± 0.047 0.001 1.011 ± 0.148 0.947 1.139 ± 0.281 0.638 
UN29_24.274_444  1.000 ± 0.307 2.112 ± 0.361 0.247 2.065 ± 0.237 0.154 0.878 ± 0.175 0.788 1.992 ± 0.453 0.268 
UN3_10.112_248  1.000 ± 0.180 1.237 ± 0.244 0.536 1.090 ± 0.245 0.808 1.377 ± 0.247 0.353 1.312 ± 0.047 0.107 
UN30_24.351_436  1.000 ± 0.399 2.387 ± 0.353 0.211 2.322 ± 0.254 0.148 1.034 ± 0.170 0.952 1.909 ± 0.507 0.347 
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UN31_25.007_348  1.000 ± 0.162 0.752 ± 0.251 0.375 1.039 ± 0.146 0.871 0.835 ± 0.182 0.538 0.928 ± 0.289 0.795 
UN32_25.118_357  1.000 ± 0.204 0.582 ± 0.327 0.208 0.913 ± 0.324 0.831 0.597 ± 0.394 0.292 0.518 ± 0.274 0.068 
UN33_25.362_342  1.000 ± 0.389 0.987 ± 0.293 0.979 1.156 ± 0.252 0.756 1.178 ± 0.179 0.757 1.285 ± 0.372 0.605 
UN34_25.418_383  1.000 ± 0.262 0.234 ± 0.108 0.044 2.572 ± 0.077 0.004 0.637 ± 0.686 0.496 0.406 ± 0.797 0.150 
UN35_25.639_383  1.000 ± 0.554 2.482 ± 0.230 0.136 1.304 ± 0.551 0.766 1.123 ± 0.837 0.910 0.698 ± 0.839 0.673 
UN36_25.811_315  1.000 ± 0.726 1.054 ± 0.404 0.952 0.335 ± 0.233 0.328 0.506 ± 0.858 0.652 0.143 ± 0.379 0.218 
UN37_26.107_319  1.000 ± 0.110 0.986 ± 0.259 0.963 1.268 ± 0.051 0.075 0.811 ± 0.224 0.406 0.860 ± 0.135 0.343 
UN38_26.229_385  1.000 ± 0.128 0.869 ± 0.231 0.613 1.454 ± 0.061 0.030 0.625 ± 0.067 0.113 0.862 ± 0.191 0.467 
UN39_26.340_387  1.000 ± 0.474 0.950 ± 0.586 0.948 0.575 ± 0.768 0.546 0.725 ± 0.929 0.752 0.063 ± 0.236 0.065 
UN4_14.465_234  1.000 ± 0.332 1.813 ± 0.243 0.214 1.118 ± 0.265 0.803 1.909 ± 0.320 0.242 1.893 ± 0.153 0.060 
UN40_27.084_331  1.000 ± 0.137 3.449 ± 0.464 0.202 1.335 ± 0.061 0.076 1.081 ± 0.150 0.732 1.196 ± 0.646 0.777 
UN41_27.284_375  1.000 ± 0.125 2.746 ± 0.372 0.165 1.688 ± 0.156 0.090 1.023 ± 0.064 0.900 1.611 ± 0.147 0.042 
UN42_28.162_387  1.000 ± 0.072 0.646 ± 0.245 0.112 1.088 ± 0.142 0.667 0.613 ± 0.080 0.030 1.157 ± 0.518 0.769 
UN43_28.225_369  1.000 ± 0.441 0.958 ± 0.481 0.951 1.812 ± 0.311 0.335 0.584 ± 0.194 0.522 0.747 ± 0.652 0.665 
UN44_28.562_361  1.000 ± 0.311 0.837 ± 0.165 0.657 0.866 ± 0.113 0.658 0.436 ± 0.205 0.259 0.753 ± 0.283 0.469 
UN45_28.695_361  1.000 ± 0.152 1.348 ± 0.209 0.339 1.659 ± 0.166 0.118 1.183 ± 0.289 0.608 1.400 ± 0.307 0.343 
UN46_28.784_451  1.000 ± 0.194 1.626 ± 0.345 0.351 1.546 ± 0.140 0.131 1.554 ± 0.230 0.227 1.605 ± 0.205 0.117 
UN47_29.249_375  1.000 ± 0.391 14.569 ± 0.382 0.072 2.175 ± 0.308 0.229 13.823 ± 0.293 0.025 25.004 ± 0.287 0.010 
UN48_29.762_375  1.000 ± 0.820 2.260 ± 0.476 0.405 0.241 ± 0.109 0.319 1.468 ± 0.883 0.765 2.028 ± 0.750 0.509 
UN49_30.495_361  1.000 ± 0.010 1.289 ± 0.126 0.150 2.370 ± 0.347 0.218 2.318 ± 0.011 0.000 1.054 ± 0.332 0.862 
UN5_14.986_233  1.000 ± 0.123 0.595 ± 0.123 0.048 0.673 ± 0.144 0.088 0.203 ± 0.299 0.017 0.451 ± 0.680 0.104 
UN50_30.651_450  1.000 ± 0.314 0.971 ± 0.216 0.942 1.035 ± 0.317 0.943 0.803 ± 0.324 0.690 0.998 ± 0.167 0.996 
UN51_31.295_355  1.000 ± 0.217 1.315 ± 0.285 0.508 1.673 ± 0.171 0.140 1.561 ± 0.011 0.139 1.572 ± 0.224 0.160 
UN52_31.428_397  1.000 ± 0.368 1.820 ± 0.148 0.147 1.871 ± 0.157 0.120 2.772 ± 0.418 0.170 1.444 ± 0.468 0.521 
UN53_31.606_333  1.000 ± 0.033 1.297 ± 0.245 0.405 1.461 ± 0.113 0.066 0.616 ± 0.028 0.003 0.838 ± 0.324 0.509 
UN54_31.817_461  1.000 ± 0.195 0.904 ± 0.392 0.824 1.052 ± 0.271 0.896 0.705 ± 0.347 0.412 0.611 ± 0.270 0.128 
UN55_31.117_450  1.000 ± 0.316 1.024 ± 0.356 0.963 1.464 ± 0.226 0.371 0.938 ± 0.458 0.912 0.863 ± 0.420 0.747 
UN556_32.573_267  1.000 ± 0.367 1.146 ± 0.204 0.754 0.932 ± 0.273 0.880 0.562 ± 0.127 0.426 1.145 ± 0.266 0.730 
UN57_32.684_443  1.000 ± 0.202 0.666 ± 0.251 0.271 0.963 ± 0.102 0.864 0.600 ± 0.453 0.313 0.545 ± 0.326 0.099 
UN58_32.839_281  1.000 ± 0.286 1.030 ± 0.369 0.952 2.601 ± 0.128 0.018 1.452 ± 0.571 0.575 1.438 ± 0.587 0.582 
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UN59_33.861_373  1.000 ± 0.110 1.531 ± 0.265 0.275 1.345 ± 0.283 0.486 1.550 ± 0.193 0.129 1.345 ± 0.214 0.239 
UN6_15.708_334  1.000 ± 0.288 5.880 ± 0.140 0.005 1.242 ± 0.349 0.687 3.564 ± 0.067 0.008 4.303 ± 0.396 0.071 
UN60_33.917_327  1.000 ± 0.790 2.675 ± 0.468 0.321 1.897 ± 0.881 0.685 1.903 ± 0.867 0.611 0.241 ± 0.265 0.304 
UN61_34.139_371  1.000 ± 0.538 0.745 ± 0.277 0.681 1.714 ± 0.370 0.452 2.068 ± 0.596 0.422 0.101 ± 0.664 0.104 
UN62_34.350_425  1.000 ± 0.270 1.083 ± 0.210 0.825 0.911 ± 0.377 0.855 0.441 ± 0.026 0.207 0.860 ± 0.331 0.688 
UN63_34.695_440  1.000 ± 0.251 1.106 ± 0.232 0.783 3.417 ± 0.524 0.307 0.505 ± 0.017 0.225 0.784 ± 0.530 0.618 
UN64_35.250_408  1.000 ± 0.587 2.948 ± 0.513 0.296 1.480 ± 0.697 0.730 5.344 ± 0.121 0.017 0.503 ± 0.276 0.370 
UN7_16.341_334  1.000 ± 0.366 0.031 ± 0.216 0.057 0.647 ± 0.298 0.397 0.030 ± 0.068 0.132 0.029 ± 0.302 0.025 
UN8_16.697_347  1.000 ± 0.081 1.390 ± 0.243 0.325 1.295 ± 0.176 0.337 0.623 ± 0.042 0.039 0.849 ± 0.049 0.105 
UN9_16.786_284  1.000 ± 0.218 0.163 ± 0.042 0.019 1.219 ± 0.220 0.576 0.224 ± 0.292 0.073 0.269 ± 0.394 0.016 
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Table S3.4 Compounds and fold change identified from the GC-MS based metabolite profile. Significantly different metabolites (p < 0.05) 
between glufosinate-treated HR buffalo grasses: 93-1A, 93-2B, 93-3C and 93-5A and its parental lines (WT 9-1B) without glufosinate treatment 
were calculated based on student‘s t-test (t-test) for each metabolite and then highlighted in green. NB: SEM = standard error of the mean and x-
folds = fold change of the relative concentrations of metabolites observed in each HR buffalo grasses as compared its parental line.  
 
Cultivars 
WT 9-1B control 93-1A 93-2B 93-3C 93-5A 
  x-fold   SEM x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test x-fold 
 
SEM t-test 
AMINOACIDS 
                   
Alanine DL   1.000 ± 0.278 3.166 ± 0.526 0.191 0.356 ± 0.216 0.067 0.781 ± 0.280 0.757 2.915 ± 0.435 0.190 
Asparagine DL   1.000 ± 0.380 6.053 ± 0.693 0.213 20.258 ± 0.504 0.109 0.952 ± 0.050 0.853 10.795 ± 0.565 0.160 
Aspartic acid DL   1.000 ± 0.245 0.525 ± 0.416 0.224 0.226 ± 0.213 0.021 0.763 ± 0.310 0.709 0.941 ± 0.281 0.875 
beta-Alanine   1.000 ± 0.469 0.991 ± 0.706 0.992 1.236 ± 0.417 0.746 0.654 ± 0.530 0.963 1.135 ± 0.388 0.840 
Glutamic acid DL   1.000 ± 0.295 2.247 ± 0.609 0.345 4.226 ± 0.609 0.260 0.886 ± 0.129 0.117 2.495 ± 0.405 0.206 
Glutamine DL   1.000 ± 0.490 1.603 ± 0.562 0.554 0.247 ± 0.486 0.186 1.067 ± 0.062 0.491 4.156 ± 0.711 0.332 
Glycine   1.000 ± 0.109 1.670 ± 0.397 0.293 0.855 ± 0.421 0.714 1.193 ± 0.162 0.756 1.666 ± 0.325 0.274 
Homoserine DL   1.000 ± 0.163 1.070 ± 0.521 0.895 4.434 ± 0.430 0.123 0.835 ± 0.198 0.976 1.490 ± 0.414 0.472 
Isoleucine DL   1.000 ± 0.344 1.465 ± 0.271 0.416 10.204 ± 0.352 0.043 1.342 ± 0.255 0.809 0.967 ± 0.138 0.932 
Lysine DL   1.000 ± 0.049 0.741 ± 0.015 0.007 2.387 ± 0.274 0.079 1.756 ± 0.431 0.144 0.999 ± 0.128 0.993 
Phenylalanine DL   1.000 ± 0.362 1.402 ± 0.396 0.553 12.474 ± 0.385 0.054 1.015 ± 0.015 0.797 0.879 ± 0.283 0.792 
Proline DL   1.000 ± 0.323 1.389 ± 0.335 0.508 2.164 ± 0.223 0.092 1.077 ± 0.071 0.833 1.030 ± 0.300 0.950 
Putrescine   1.000 ± 0.121 1.622 ± 0.434 0.352 1.773 ± 0.252 0.146 0.900 ± 0.111 0.843 1.255 ± 0.145 0.288 
Pyroglutamic acid DL   1.000 ± 0.295 2.247 ± 0.609 0.345 4.226 ± 0.609 0.260 0.886 ± 0.129 0.117 2.495 ± 0.405 0.206 
Serine DL   1.000 ± 0.225 1.601 ± 0.452 0.405 4.421 ± 0.375 0.087 0.666 ± 0.501 0.506 2.504 ± 0.345 0.143 
Threonine DL   1.000 ± 0.238 1.217 ± 0.253 0.595 2.049 ± 0.225 0.090 1.057 ± 0.054 0.840 0.884 ± 0.247 0.732 
Threonic acid   1.000 ± 0.792 2.387 ± 0.489 0.353 5.423 ± 0.246 0.029 1.235 ± 0.190 0.572 0.238 ± 0.159 0.374 
Tyrosine DL   1.000 ± 0.405 1.453 ± 0.439 0.555 4.058 ± 0.423 0.134 1.082 ± 0.076 0.689 0.847 ± 0.274 0.755 
Valine DL   1.000 ± 0.283 1.330 ± 0.273 0.498 2.751 ± 0.308 0.098 1.357 ± 0.263 0.915 0.977 ± 0.161 0.946 
  
                   
SUGAR/ SUGAR ALCOHOLS 
                   
Dotriacontanol   1.000 ± 0.125 1.235 ± 0.336 0.561 2.367 ± 0.301 0.107 0.844 ± 0.185 0.073 1.489 ± 0.168 0.130 
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Erythritol  1.000 ± 0.500 1.307 ± 0.452 0.707 0.763 ± 0.194 0.666 5.890 ± 0.830 0.765 0.414 ± 0.233 0.294 
Galactosylcerol   1.000 ± 0.192 1.215 ± 0.308 0.602 1.143 ± 0.257 0.697 0.615 ± 0.626 0.525 0.698 ± 0.436 0.434 
  
                   
ORGANIC ACIDS 
                   
2,3-Dimethylsuccinic acid   1.000 ± 0.241 0.926 ± 0.552 0.892 1.119 ± 0.194 0.725 1.144 ± 0.126 0.262 1.124 ± 0.283 0.767 
2-Ketooctanoic acid   1.000 ± 0.081 4.766 ± 0.752 0.265 9.768 ± 0.715 0.256 1.453 ± 0.312 0.869 1.083 ± 0.083 0.520 
Benzoic acid, 4-hydroxy   1.000 ± 0.098 0.943 ± 0.252 0.814 1.251 ± 0.181 0.348 1.074 ± 0.069 0.016 0.730 ± 0.201 0.176 
2,4-dihydroxybutanoic acid   1.000 ± 0.351 6.674 ± 0.841 0.283 6.875 ± 0.247 0.015 1.594 ± 0.373 0.881 0.864 ± 0.230 0.747 
2 -aminobutyric acid   1.000 ± 0.157 0.984 ± 0.436 0.971 1.532 ± 0.596 0.586 0.879 ± 0.138 0.505 1.051 ± 0.374 0.908 
cis-Aconitic acid   1.000 ± 0.249 0.578 ± 0.223 0.236 3.556 ± 0.273 0.043 0.991 ± 0.010 0.351 0.607 ± 0.218 0.212 
Citric acid   1.000 ± 0.166 1.468 ± 0.331 0.348 1.857 ± 0.274 0.161 0.894 ± 0.119 0.657 1.145 ± 0.091 0.487 
Erythronic acid   1.000 ± 0.038 1.045 ± 0.183 0.799 2.059 ± 0.184 0.032 1.226 ± 0.184 0.469 1.231 ± 0.098 0.118 
Fumaric acid   1.000 ± 0.131 1.384 ± 0.388 0.456 9.037 ± 0.623 0.204 1.310 ± 0.237 0.626 1.475 ± 0.245 0.263 
GABA   1.000 ± 0.216 1.284 ± 0.429 0.613 1.687 ± 0.372 0.340 0.604 ± 0.657 0.617 1.018 ± 0.425 0.972 
Galactonate  1.000 ± 0.353 0.520 ± 0.318 0.325 0.599 ± 0.418 0.390 2.414 ± 0.586 0.286 0.368 ± 0.544 0.170 
Galactonic acid   1.000 ± 0.612 0.459 ± 0.230 0.491 0.765 ± 0.186 0.721 0.940 ± 0.063 0.495 0.354 ± 0.164 0.334 
Galacturonate MX1  1.000 ± 0.267 12.516 ± 0.547 0.101 143.724 ± 0.348 0.029 0.736 ± 0.359 0.033 6.413 ± 0.537 0.168 
Gluconate  1.000 ± 0.103 1.479 ± 0.202 0.145 6.013 ± 0.225 0.010 1.106 ± 0.096 0.565 1.101 ± 0.216 0.710 
1,4-Gluconic acid   1.000 ± 0.374 1.375 ± 0.298 0.533 10.060 ± 0.227 0.008 0.857 ± 0.167 0.827 0.852 ± 0.127 0.716 
Glucuronic acid    1.000 ± 0.369 5.063 ± 0.598 0.175 1.259 ± 0.323 0.654 0.640 ± 0.563 0.583 0.663 ± 0.518 0.528 
Glutaric acid   1.000 ± 0.096 1.021 ± 0.180 0.916 5.702 ± 0.432 0.105 1.281 ± 0.219 0.953 2.171 ± 0.304 0.130 
2-oxoglutaric acid   1.000 ± 0.112 1.938 ± 0.085 0.004 4.547 ± 0.286 0.035 1.163 ± 0.140 0.016 1.741 ± 0.153 0.043 
Glyceric acid-2-P   1.000 ± 0.489 1.807 ± 0.444 0.404 1.970 ± 0.313 0.264 0.956 ± 0.046 0.204 0.965 ± 0.611 0.965 
Glyceric acid-3-P   1.000 ± 0.320 0.318 ± 0.211 0.135 0.323 ± 0.587 0.119 1.254 ± 0.202 0.831 1.060 ± 0.198 0.881 
Gulonic acid   1.000 ± 0.186 1.929 ± 0.359 0.194 15.739 ± 0.296 0.020 0.910 ± 0.099 0.152 1.423 ± 0.207 0.271 
Malic acid DL 1.000 ± 0.053 1.386 ± 0.349 0.388 2.441 ± 0.313 0.109 1.028 ± 0.028 0.035 1.258 ± 0.093 0.090 
2-methyl Malic acid DL   1.000 ± 0.174 1.562 ± 0.284 0.243 0.918 ± 0.316 0.816 1.071 ± 0.066 0.870 1.436 ± 0.132 0.141 
Malonic acid   1.000 ± 0.145 1.489 ± 0.190 0.155 4.315 ± 0.302 0.045 1.067 ± 0.062 0.540 0.837 ± 0.110 0.380 
Oxalic acid   1.000 ± 0.654 4.575 ± 0.473 0.129 3.988 ± 0.435 0.158 0.908 ± 0.101 0.010 3.088 ± 0.492 0.254 
Phosphoric acid monomethyl ester   1.000 ± 0.098 1.192 ± 0.064 0.207 1.104 ± 0.112 0.535 0.948 ± 0.055 0.518 0.961 ± 0.109 0.796 
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Pipecolic acid   1.000 ± 0.229 0.655 ± 0.460 0.394 0.678 ± 0.184 0.262 1.020 ± 0.019 0.106 0.607 ± 0.474 0.325 
Quinic acid D   1.000 ± 0.105 1.204 ± 0.263 0.517 1.069 ± 0.201 0.784 1.421 ± 0.296 0.252 1.465 ± 0.064 0.016 
Salicylic acid   1.000 ± 0.229 1.192 ± 0.350 0.681 1.160 ± 0.251 0.681 1.048 ± 0.046 0.738 1.139 ± 0.265 0.726 
Succinic acid   1.000 ± 0.086 1.416 ± 0.141 0.087 6.245 ± 0.217 0.008 1.442 ± 0.306 0.125 1.526 ± 0.109 0.031 
Sulfuric acid   1.000 ± 0.285 2.972 ± 0.468 0.165 11.069 ± 0.270 0.015 0.845 ± 0.184 0.008 1.078 ± 0.328 0.869 
  
                   
SUGAR/SUGAR PHOSPHATES 
                   
1-Ketose  1.000 ± 0.172 0.997 ± 0.275 0.992 0.608 ± 0.424 0.254 1.339 ± 0.253 0.544 1.219 ± 0.229 0.529 
Arabinose  1.000 ± 0.114 1.188 ± 0.200 0.470 1.410 ± 0.162 0.159 0.850 ± 0.177 0.515 0.864 ± 0.112 0.398 
beta-Gentibiose  1.000 ± 0.390 0.324 ± 0.258 0.207 0.301 ± 0.283 0.130 1.676 ± 0.403 0.394 0.261 ± 0.296 0.112 
Cellobiose MX1  1.000 ± 0.168 0.888 ± 0.310 0.727 1.419 ± 0.017 0.048 1.302 ± 0.232 0.486 0.786 ± 0.093 0.286 
Cellobiose MX2 1.000 ± 0.126 0.824 ± 0.253 0.478 0.986 ± 0.171 0.948 0.992 ± 0.008 0.714 0.930 ± 0.158 0.731 
Fructose MX1 1.000 ± 0.304 3.154 ± 0.561 0.216 1.815 ± 0.319 0.259 0.603 ± 0.660 0.877 0.858 ± 0.397 0.766 
Fructose-6-P  1.000 
 
0.125 1.201 
 
0.302 0.577 0.189 
 
0.168 0.001 1.377 
 
0.274 0.510 1.077 
 
0.146 0.714 
Galactitol  1.000 ± 0.139 1.538 ± 0.076 0.038 1.827 ± 0.236 0.118 2.625 ± 0.619 0.108 1.068 ± 0.148 0.758 
GluMX1 1.000 ± 0.498 2.557 ± 0.189 0.081 0.806 ± 0.168 0.719 1.385 ± 0.278 0.896 1.030 ± 0.282 0.960 
GluMX2 1.000 ± 0.085 1.334 ± 0.183 0.203 1.759 ± 0.193 0.073 1.444 ± 0.307 0.018 0.941 ± 0.293 0.844 
Glyceric acid DL   1.000 ± 0.184 1.374 ± 0.370 0.469 0.902 ± 0.278 0.762 0.755 ± 0.324 0.902 1.039 ± 0.253 0.906 
myo-Inositol-1-P 1.000 ± 0.065 1.080 ± 0.211 0.714 1.277 ± 0.138 0.191 0.850 ± 0.177 0.573 1.123 ± 0.070 0.273 
Maltose  1.000 ± 0.172 0.867 ± 0.107 0.568 0.944 ± 0.262 0.857 0.989 ± 0.011 0.730 0.885 ± 0.154 0.620 
Mannose-6-P MX2  1.000 ± 0.176 0.671 ± 0.218 0.232 0.368 ± 0.176 0.015 1.257 ± 0.205 0.988 1.035 ± 0.199 0.902 
Melezitose  1.000 ± 0.394 0.677 ± 0.102 0.523 1.649 ± 0.181 0.237 0.701 ± 0.427 0.718 4.410 ± 0.774 0.359 
Melibiose MX1  1.000 ± 0.265 1.134 ± 0.365 0.786 0.837 ± 0.152 0.600 0.672 ± 0.489 0.427 0.729 ± 0.278 0.448 
Melibiose MX2  1.000 ± 0.228 0.830 ± 0.348 0.659 1.937 ± 0.137 0.037 1.814 ± 0.449 0.957 0.923 ± 0.173 0.792 
myo-Inositol   1.000 ± 0.134 1.137 ± 0.228 0.631 0.754 ± 0.262 0.342 0.873 ± 0.146 0.730 0.846 ± 0.251 0.563 
Rhamnose  1.000 ± 0.085 1.343 ± 0.200 0.222 1.346 ± 0.176 0.219 1.044 ± 0.043 0.073 1.008 ± 0.163 0.967 
Ribitol  1.000 ± 0.096 1.289 ± 0.230 0.340 1.271 ± 0.205 0.368 0.959 ± 0.043 0.082 1.143 ± 0.186 0.562 
Saccharic acid   1.000 ± 0.248 1.292 ± 0.169 0.436 1.056 ± 0.138 0.852 0.925 ± 0.081 0.612 0.676 ± 0.085 0.250 
Sorbitol  1.000 ± 0.065 1.413 ± 0.046 0.007 2.064 ± 0.296 0.134 0.654 ± 0.529 0.666 1.092 ± 0.192 0.688 
Sucrose  1.000 ± 0.116 1.283 ± 0.212 0.335 1.450 ± 0.066 0.025 0.859 ± 0.164 0.371 1.171 ± 0.106 0.354 
Appendix 
313 
 
Xylose  1.000 ± 0.120 1.116 ± 0.206 0.647 2.484 ± 0.206 0.030 0.931 ± 0.074 0.398 0.843 ± 0.153 0.408 
  
                   
FATTY ACIDS                    
Heptadecanoic acid, n   1.000 ± 0.178 1.323 ± 0.229 0.373 2.144 ± 0.225 0.068 0.808 ± 0.237 0.095 0.941 ± 0.196 0.827 
Hexdecanoic acid, n   1.000 ± 0.148 1.366 ± 0.196 0.253 1.924 ± 0.271 0.139 0.823 ± 0.216 0.043 1.070 ± 0.121 0.732 
Octacosanoic acid, n   1.000 ± 0.347 0.631 ± 0.264 0.434 1.263 ± 0.164 0.540 0.821 ± 0.219 0.996 0.880 ± 0.189 0.765 
Octadecadienoic acid, 9,12-(Z,Z)-n   1.000 ± 0.228 1.837 ± 0.234 0.121 2.642 ± 0.311 0.102 0.877 ± 0.140 0.223 0.879 ± 0.199 0.687 
Octadecanoic acid, n   1.000 ± 0.058 1.264 ± 0.190 0.270 2.094 ± 0.160 0.018 0.887 ± 0.127 0.025 1.189 ± 0.090 0.171 
                    
STEROLS 
                   
beta-Sitosterol   1.000 ± 0.144 1.212 ± 0.131 0.371 0.896 ± 0.211 0.676 0.917 ± 0.090 0.809 1.176 ± 0.140 0.453 
Campesterol   1.000 ± 0.175 1.260 ± 0.259 0.482 1.248 ± 0.147 0.365 0.975 ± 0.025 0.454 1.341 ± 0.186 0.305 
Cholesterol   1.000 ± 0.507 1.523 ± 0.715 0.652 0.552 ± 0.223 0.423 1.024 ± 0.023 0.641 0.538 ± 0.208 0.408 
Lanosta-8,24-dien-3-beta-ol   1.000 ± 0.238 1.027 ± 0.285 0.946 1.015 ± 0.183 0.963 0.918 ± 0.089 0.712 1.226 ± 0.259 0.591 
Stigmasterol   1.000 
 
0.161 1.086 
 
0.262 0.789 1.516 
 
0.160 0.127 0.938 
 
0.066 0.996 1.281 
 
0.165 0.331 
  
                   
OTHER COMPOUNDS 
                   
2-Monolinoleylglycerol 1.000 ± 0.239 1.896 ± 0.387 0.242 3.639 ± 0.190 0.011 0.966 ± 0.035 0.072 0.862 ± 0.136 0.622 
4-Coumaric acid    1.000 ± 0.475 1.492 ± 0.532 0.596 0.843 ± 0.156 0.761 4.350 ± 0.770 0.604 1.441 ± 0.449 0.602 
5-hydroxytryptamine   1.000 ± 0.381 2.629 ± 0.481 0.216 0.391 ± 0.914 0.288 1.658 ± 0.397 0.948 3.625 ± 0.411 0.138 
Adenosine   1.000 ± 0.316 1.779 ± 0.043 0.096 0.461 ± 0.164 0.149 0.981 ± 0.019 0.337 1.846 ± 0.094 0.057 
Adenosine-5-monophosphate   1.000 ± 0.541 0.120 ± 0.135 0.228 0.076 ± 0.186 0.138 1.670 ± 0.401 0.357 0.183 ± 0.436 0.185 
Allantoin   1.000 ± 0.106 109.639 ± 0.654 0.130 20.258 ± 0.930 0.346 1.564 ± 0.360 0.014 87.453 ± 0.351 0.031 
Butyro-lactam   1.000 ± 0.313 1.281 ± 0.433 0.656 1.048 ± 0.351 0.924 0.679 ± 0.473 0.840 0.740 ± 0.525 0.621 
Ethanolamine   1.000 ± 0.350 1.185 ± 0.392 0.758 1.902 ± 0.275 0.201 0.881 ± 0.135 0.036 1.506 ± 0.471 0.546 
Glycerol-3-P   1.000 ± 0.175 0.999 ± 0.271 0.999 0.737 ± 0.087 0.207 1.132 ± 0.117 0.140 0.814 ± 0.042 0.338 
Guanine   1.000 ± 0.582 0.971 ± 0.402 0.971 2.612 ± 0.333 0.175 0.564 ± 0.774 0.960 0.486 ± 0.566 0.455 
Guanosine   1.000 ± 0.586 1.592 ± 0.455 0.549 1.959 ± 0.398 0.363 0.549 ± 0.820 0.982 0.673 ± 0.649 0.670 
Phosphoric acid   1.000 ± 0.296 1.190 ± 0.269 0.684 1.357 ± 0.231 0.439 0.723 ± 0.384 0.735 0.757 ± 0.262 0.521 
Salicylaldehyde-beta-D-glucoside  1.000 ± 0.091 1.341 ± 0.091 0.071 1.245 ± 0.049 0.068 1.069 ± 0.064 0.573 1.390 ± 0.088 0.043 
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α-Tocopherol   1.000 ± 0.325 0.758 ± 0.422 0.627 1.104 ± 0.146 0.784 1.373 ± 0.271 0.891 0.902 ± 0.205 0.801 
γ-Tocopherol   1.000 ± 0.268 1.603 ± 0.520 0.467 7.772 ± 0.199 0.005 1.366 ± 0.268 0.102 1.553 ± 0.453 0.490 
Threonic acid-1,4 lactone   1.000 ± 0.122 0.899 ± 0.295 0.719 1.555 ± 0.594 0.573 1.524 ± 0.344 0.915 1.006 ± 0.155 0.978 
Uridine   1.000 ± 0.413 1.140 ± 0.388 0.828 4.771 ± 0.412 0.110 0.661 ± 0.512 0.829 0.682 ± 0.349 0.529 
  
                   
UNKNOWNS 
                   
UN1_7.831_258  1.000 ± 0.347 1.277 ± 0.484 0.692 0.980 ± 0.258 0.964 0.826 ± 0.211 0.524 2.298 ± 0.581 0.383 
UN10_17.275_307  1.000 ± 0.373 1.165 ± 0.445 0.800 1.131 ± 0.403 0.831 1.051 ± 0.049 0.508 1.008 ± 0.482 0.990 
UN11_18.108_231  1.000 ± 0.141 1.041 ± 0.221 0.879 1.350 ± 0.170 0.242 0.852 ± 0.174 0.176 1.131 ± 0.097 0.492 
UN12_18.792_276  1.000 ± 0.156 3.967 ± 0.200 0.008 1.322 ± 0.123 0.203 1.134 ± 0.118 0.592 1.616 ± 0.373 0.361 
UN13_18.913_333  1.000 ± 0.538 0.389 ± 0.190 0.384 1.760 ± 0.102 0.229 1.078 ± 0.073 0.487 0.995 ± 0.563 0.995 
UN14_19.530_276  1.000 ± 0.135 8.348 ± 0.465 0.074 140.968 ± 0.249 0.007 0.865 ± 0.156 0.001 11.249 ± 0.626 0.196 
UN15_19.613_369  1.000 ± 0.536 1.266 ± 0.482 0.757 8.674 ± 0.295 0.026 0.992 ± 0.008 0.725 1.216 ± 0.249 0.738 
Un16_19.830_361  1.000 ± 0.111 1.560 ± 0.480 0.421 0.389 ± 0.373 0.016 0.637 ± 0.569 0.335 0.965 ± 0.346 0.925 
UN17_20.219_305  1.000 ± 0.501 1.598 ± 0.313 0.447 1.863 ± 0.329 0.318 0.568 ± 0.761 0.366 1.202 ± 0.500 0.805 
UN18_20.352_333  1.000 ± 0.075 1.280 ± 0.191 0.265 1.315 ± 0.137 0.159 0.769 ± 0.300 0.854 0.953 ± 0.136 0.766 
UN19_20.607_382  1.000 ± 0.762 135.582 ± 0.429 0.040 84.337 ± 0.226 0.005 1.165 ± 0.142 0.000 92.164 ± 0.341 0.027 
UN2_7.955_258  1.000 ± 0.119 1.298 ± 0.049 0.105 1.505 ± 0.075 0.022 1.072 ± 0.067 0.125 1.407 ± 0.097 0.066 
UN20*_21.863_332  1.000 ± 0.468 1.207 ± 0.478 0.789 0.734 ± 0.253 0.616 2.255 ± 0.557 0.627 0.724 ± 0.154 0.587 
UN21_22.185_379  1.000 ± 0.626 4.944 ± 0.295 0.040 1.778 ± 0.337 0.404 0.643 ± 0.554 0.537 2.809 ± 0.305 0.139 
UN22_21.296_361  1.000 ± 0.123 1.676 ± 0.342 0.235 0.840 ± 0.252 0.538 0.697 ± 0.434 0.446 0.924 ± 0.395 0.849 
UN23_22.585_447  1.000 ± 0.648 0.928 ± 0.461 0.935 0.107 ± 0.320 0.218 1.699 ± 0.411 0.946 0.577 ± 0.190 0.543 
UN24_22.826_371  1.000 ± 0.405 0.992 ± 0.370 0.989 2.169 ± 0.156 0.069 1.388 ± 0.280 0.118 1.067 ± 0.253 0.896 
UN25_23.429_477  1.000 
 
0.068 1.084 
 
0.117 0.556 1.159 
 
0.139 0.398 0.983 
 
0.017 0.785 1.010 
 
0.068 0.923 
UN26_23.647_318  1.000 ± 0.142 1.050 ± 0.432 0.909 0.796 ± 0.179 0.351 1.023 ± 0.022 0.373 0.828 ± 0.087 0.322 
UN27_24.080_389  1.000 ± 0.069 0.616 ± 0.304 0.082 1.086 ± 0.194 0.711 1.217 ± 0.178 0.713 0.737 ± 0.103 0.043 
UN28_24.174_392  1.000 ± 0.160 0.798 ± 0.204 0.427 1.532 ± 0.047 0.023 1.174 ± 0.148 0.578 0.954 ± 0.198 0.860 
UN29_24.274_444  1.000 ± 0.111 1.565 ± 0.361 0.301 1.531 ± 0.237 0.212 0.851 ± 0.175 0.126 1.477 ± 0.320 0.364 
UN3_10.112_248  1.000 ± 0.120 1.117 ± 0.244 0.682 0.984 ± 0.245 0.953 1.328 ± 0.247 0.404 1.184 ± 0.034 0.196 
UN30_24.351_436  1.000 ± 0.107 1.632 ± 0.353 0.261 1.588 ± 0.254 0.208 0.855 ± 0.170 0.172 1.306 ± 0.358 0.548 
Appendix 
315 
 
UN31_25.007_348  1.000 ± 0.267 0.693 ± 0.251 0.418 0.957 ± 0.146 0.891 1.223 ± 0.182 0.604 0.855 ± 0.204 0.666 
UN32_25.118_357  1.000 ± 0.321 0.982 ± 0.327 0.971 1.540 ± 0.324 0.398 1.650 ± 0.394 0.990 0.873 ± 0.194 0.739 
UN33_25.362_342  1.000 ± 0.148 1.116 ± 0.293 0.735 1.308 ± 0.252 0.427 1.219 ± 0.179 0.278 1.454 ± 0.263 0.311 
UN34_25.418_383  1.000 ± 0.382 0.430 ± 0.108 0.265 4.736 ± 0.077 0.000 3.188 ± 0.686 0.830 0.748 ± 0.564 0.674 
UN35_25.639_383  1.000 ± 0.417 2.633 ± 0.230 0.069 1.383 ± 0.551 0.674 0.544 ± 0.837 0.837 0.741 ± 0.594 0.683 
UN36_25.811_315  1.000 ± 0.362 4.341 ± 0.404 0.080 1.381 ± 0.233 0.462 0.538 ± 0.858 0.425 0.588 ± 0.268 0.337 
UN37_26.107_319  1.000 ± 0.160 1.049 ± 0.259 0.876 1.348 ± 0.051 0.093 1.289 ± 0.224 0.634 0.914 ± 0.095 0.656 
UN38_26.229_385  1.000 ± 0.168 0.915 ± 0.231 0.763 1.530 ± 0.061 0.033 1.072 ± 0.067 0.249 0.908 ± 0.135 0.674 
UN39_26.340_387  1.000 ± 0.812 2.519 ± 0.586 0.376 1.526 ± 0.768 0.725 0.518 ± 0.929 0.603 0.168 ± 0.167 0.345 
UN4_14.465_234  1.000 ± 0.095 0.974 ± 0.243 0.912 0.600 ± 0.265 0.075 1.470 ± 0.320 0.924 1.016 ± 0.108 0.914 
UN40_27.084_331  1.000 ± 0.176 2.225 ± 0.464 0.226 0.861 ± 0.061 0.478 0.869 ± 0.150 0.326 0.772 ± 0.457 0.583 
UN41_27.284_375  1.000 ± 0.146 2.078 ± 0.372 0.168 1.277 ± 0.156 0.304 1.069 ± 0.064 0.366 1.219 ± 0.104 0.301 
UN42_28.162_387  1.000 ± 0.311 0.737 ± 0.245 0.537 1.240 ± 0.142 0.527 1.086 ± 0.080 0.554 1.318 ± 0.367 0.600 
UN43_28.225_369  1.000 ± 0.347 1.274 ± 0.481 0.694 2.408 ± 0.311 0.139 0.838 ± 0.194 0.695 0.993 ± 0.461 0.991 
UN44_28.562_361  1.000 ± 0.119 0.918 ± 0.165 0.682 0.949 ± 0.113 0.763 1.257 ± 0.205 0.050 0.825 ± 0.200 0.424 
UN45_28.695_361  1.000 ± 0.222 0.844 ± 0.209 0.626 1.039 ± 0.166 0.895 1.406 ± 0.289 0.509 0.876 ± 0.217 0.687 
UN46_28.784_451  1.000 ± 0.092 1.018 ± 0.345 0.955 0.968 ± 0.140 0.853 1.299 ± 0.230 0.898 1.005 ± 0.145 0.976 
UN47_29.249_375  1.000 ± 0.267 0.926 ± 0.382 0.871 0.138 ± 0.308 0.019 1.414 ± 0.293 0.792 1.589 ± 0.203 0.209 
UN48_29.762_375  1.000 ± 0.063 14.399 ± 0.476 0.067 1.539 ± 0.109 0.024 0.531 ± 0.883 0.174 12.918 ± 0.530 0.133 
UN49_30.495_361  1.000 ± 0.121 0.795 ± 0.126 0.270 1.461 ± 0.347 0.411 0.990 ± 0.011 0.077 0.649 ± 0.235 0.122 
UN5_14.986_233  1.000 ± 0.200 1.286 ± 0.123 0.340 1.454 ± 0.144 0.167 1.427 ± 0.299 0.145 0.974 ± 0.481 0.961 
UN50_30.651_450  1.000 ± 0.268 1.034 ± 0.216 0.929 1.103 ± 0.317 0.823 1.479 ± 0.324 0.757 1.064 ± 0.118 0.836 
UN51_31.295_355  1.000 ± 0.126 0.776 ± 0.285 0.390 0.988 ± 0.171 0.956 0.989 ± 0.011 0.700 0.928 ± 0.159 0.724 
UN52_31.428_397  1.000 ± 0.115 1.547 ± 0.148 0.068 1.590 ± 0.157 0.076 1.719 ± 0.418 0.097 1.227 ± 0.331 0.610 
UN53_31.606_333  1.000 ± 0.200 1.323 ± 0.245 0.411 1.490 ± 0.113 0.110 0.972 ± 0.028 0.283 0.854 ± 0.229 0.621 
UN54_31.817_461  1.000 ± 0.258 1.374 ± 0.392 0.523 1.598 ± 0.271 0.281 1.531 ± 0.347 0.882 0.928 ± 0.191 0.827 
UN55_31.117_450  1.000 ± 0.173 1.162 ± 0.356 0.703 1.662 ± 0.226 0.160 1.846 ± 0.458 0.879 0.979 ± 0.297 0.953 
UN556_32.573_267  1.000 ± 0.500 0.776 ± 0.204 0.727 0.631 ± 0.273 0.511 0.887 ± 0.127 0.455 0.776 ± 0.188 0.682 
UN57_32.684_443  1.000 ± 0.242 1.035 ± 0.251 0.927 1.497 ± 0.102 0.133 1.828 ± 0.453 0.888 0.848 ± 0.231 0.642 
UN58_32.839_281  1.000 ± 0.370 0.701 ± 0.369 0.567 1.769 ± 0.128 0.127 2.334 ± 0.571 0.985 0.978 ± 0.415 0.969 
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UN59_33.861_373  1.000 ± 0.328 0.745 ± 0.265 0.572 0.655 ± 0.283 0.394 1.240 ± 0.193 0.649 0.654 ± 0.151 0.352 
UN6_15.708_334  1.000 ± 0.109 0.923 ± 0.140 0.668 0.195 ± 0.349 0.001 0.938 ± 0.067 0.056 0.676 ± 0.280 0.188 
UN60_33.917_327  1.000 ± 0.489 1.075 ± 0.468 0.920 0.762 ± 0.881 0.785 0.536 ± 0.867 0.793 0.097 ± 0.187 0.115 
UN61_34.139_371  1.000 ± 0.452 0.373 ± 0.277 0.299 0.857 ± 0.370 0.804 0.626 ± 0.596 0.967 0.050 ± 0.470 0.080 
UN62_34.350_425  1.000 ± 0.517 0.810 ± 0.210 0.774 0.681 ± 0.377 0.601 0.975 ± 0.026 0.436 0.643 ± 0.234 0.532 
UN63_34.695_440  1.000 ± 0.592 0.187 ± 0.232 0.299 0.579 ± 0.524 0.550 0.983 ± 0.017 0.361 0.133 ± 0.375 0.195 
UN64_35.250_408  1.000 ± 0.844 1.495 ± 0.513 0.694 0.751 ± 0.697 0.810 0.892 ± 0.121 0.253 0.255 ± 0.195 0.412 
UN7_16.341_334  1.000 ± 0.055 2.089 ± 0.216 0.036 43.470 ± 0.298 0.017 0.936 ± 0.068 0.001 1.923 ± 0.213 0.067 
UN8_16.697_347  1.000 ± 0.093 1.625 ± 0.243 0.133 1.514 ± 0.176 0.118 1.044 ± 0.042 0.127 0.993 ± 0.035 0.943 
UN9_16.786_284  1.000 ± 0.100 0.991 ± 0.042 0.942 7.423 ± 0.220 0.008 1.413 ± 0.292 0.276 1.638 ± 0.278 0.221 
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